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Abstract Wireless sensor networks are powerful, dis-
tributed, self-organizing systems used for event and en-
vironmental monitoring. In-network query processors
like TinyDB afford a user friendly SQL-like applica-
tion development. Due to sensor nodes’ resource limi-
tations, monolithic approaches often support only a re-
stricted number of operators. For this reason, complex
processing is typically outsourced to the base station
as a part of processing tasks. Nevertheless, previous
work has shown that complete or partial in-network
processing can be more efficient than the base station
approach. In this paper, we introduce AndulN, a sys-
tem for developing, deploying, and running complex in-
network processing tasks. Particularly, we present the
query planning and execution strategies used in An-
duIN , which combines sensor-local in-network process-
ing and a data stream engine. Query planning em-
ploys a multi-dimensional cost model taking energy
consumption into account and decides autonomously
which query parts will be processed within the sensor
network and which parts will be processed at the cen-
tral instance.

Keywords sensor networks - data streams - power
awareness - distributed computation - in-network query
processing - query planning

This work was in parts supported by the BMBF under grant
03WKBD2B and by the Science Foundation Ireland under Grant
No. SFI/08/CE/I1380 (Lion-2) and 08/SRC/I1407 (Clique).

I Databases and Information Systems Group, Ilmenau University
of Technology, Germany

2 Max-Planck-Institut fiir Informatik, Saarbriicken, Germany

3 DERI, NUI Galway, Ireland

- Katja Hose? - Liz Ribe-Baumann

1 .

1 Introduction

In recent years, work to bridge the gap between the
real world and IT systems has opened numerous appli-
cations and has become a major challenge. Sensors for
measuring different kinds of phenomena are an impor-
tant building block in the realization of this vision. To-
day’s increasing miniaturization of mobile devices and
sensor technologies facilitates the construction and de-
velopment of Wireless Sensor Networks (WSN). WSN
are (usually self-organized) networks of sensor nodes
that are equipped with a small CPU, memory, radio
for wireless communication as well as sensing capabili-
ties, e.g., for measuring temperature, light, pressure, or
carbon dioxide. WSN are usually deployed in situations
where large areas have to be monitored or where the
environment prohibits the installation of wired sensing
devices.

However, WSN are typically characterized by rather
limited resources in terms of CPU power, memory size
and — due to their battery-powered operation — limited
lifetime. In fact, the most expensive operation on sen-
sor nodes is wireless communication, and thus, power
efficient operation is one of the major challenges in the
development of both WSN devices and applications. Ta-
ble 1 shows some measurements from a real node, which
was equipped with an ARM LPC2387 CPU, CC110
transceiver, 512 KB flash and 98KB RAM, running a
Contiki-based OS.

In order to reduce energy consumption and to in-
crease the lifetime of the sensors, several approaches
have been developed in recent years. In addition to the
utilization of nodes’ sleep modes through the synchro-
nization of their sampling rates (e.g., in the SMACS
protocol [47]) and the use of special routing protocols
such as LEACH [41], sensor-local (pre-)processing of



operator energy in pJ ]
measuring humidity 1655.3
outlier detection (distance based approach,

standard deviation, window size 10) 110.7
sending up to 62Byte (see section 3.2.3) 7344.8

Table 1 Measured energy consumption on a sensor node

data is one of the most promising approaches to reduc-
ing energy consumption. However, because the storage
capacity of sensor nodes is limited and the (possibly
aggregated) data is often needed by applications run-
ning outside of the WSN, local processing covers only a
portion of the sensor data processing pipeline. Thus,
the second challenge for a development and process
paradigm is the development of power-aware WSN ap-
plications.

Basically, we can distinguish between three query-
oriented approaches:

— In the store & process model (SPM), the data mea-
sured at the sensor nodes is stored in a database
(which could be a central database or even local
databases at the sensor nodes) and processed after-
wards with a classic database approach by formu-
lating queries.

— In the data stream model (DSM), the WSN is con-
sidered a source for continuous streams of measure-
ments. These streams are processed online by a data
stream management system.

— In the in-network query processing model (INQP),
the processing capacity of the sensor nodes is ex-
ploited by pushing portions of the query plan to the
nodes. These processing steps can comprise prepro-
cessing (filtering), aggregation, or even more com-
plex analytical functions like data mining.

In most applications, a mix of two or even all of these
models is needed. As a typical use case, consider en-
vironment monitoring and particularly water monitor-
ing in marine-based research or wastewater monitoring.
Here, monitoring buoys, flow gauges, and wave moni-
toring instrumentation are deployed in open water, bay
areas, or rivers. These buoys are equipped with sen-
sor for temperature, salinity, oxygen, water quality, or
wave and tide. Obviously, these sensors cannot be used
for wired power and data transmission and are only
deployable as wireless sensor nodes. Furthermore, the
sensor data can be partially processed locally (e.g., pre-
aggregation and cleaning of data), but has to be trans-
mitted to a central unit for further analysis.

This example raises two central questions:

(1) How is an appropriate processing pipeline designed
—ideally in a declarative way (e.g., as a query)?

(2) How can the pipeline be partitioned among the
different models — i.e., which steps should be per-
formed inside the network, which outside the WSN
in an online manner, and which data should be
stored permanently and processed offline?

This latter decision in particular is driven by processing
costs and — more importantly — energy consumption.

Based on these observations, we present in this pa-
per our system AndulN, which addresses these chal-
lenges by providing a combination of data stream pro-
cessing and in-network query processing. AndulN sup-
ports CQL as a declarative query interface as well as
a graphical box-and-arrow interface [33]. In addition to
standard CQL operators, it offers several advanced an-
alytical operators for data streams in the form of syn-
opses operators, including burst and outlier detection,
frequent pattern mining, and clustering. AndulN sup-
ports distributed query processing by pushing portions
of the query plan to the sensor nodes in order to imple-
ment the INQP paradigm. The decision on query de-
composition (whether the plan should be decomposed
and which part should be pushed to the sensor nodes)
is taken by AndulIN’s query planner. The main contri-
butions of this paper are twofold:

— We propose a hybrid processing model of INQP and
DSM that facilitates the formulation of sensor data
processing as declarative queries and includes ad-
vanced data preparation and analytics operators.

— We discuss a cost model for distributed queries that
takes energy consumption of query operators as an
additional cost dimension into account. Further-
more, we present a query planning and optimization
strategy for deriving the optimal plan decomposi-
tion with respect to the estimated costs.

The remainder of the paper is structured as follows.
After introducing the overall architecture of AndulN
in Section 2, we present in Section 3 our query plan-
ning approach comprising an optimization strategy and
the cost model taking energy consumption into account.
Results of an experimental evaluation showing the ef-
fectivity of the planning approach are discussed in Sec-
tion 4. Finally, after a discussion of related work in Sec-
tion 5, we conclude the paper by pointing out to future
work.

2 Architecture

AnduIN aims at optimizing query processing for wire-
less sensor networks by considering the benefits of both
in-network query processing (INQP) and the use of
a data stream management system (DSMS) running
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Fig. 1 AndulN’s Main Components and Architecture

at a central base station. Consequently, two of An-
dulIN’s main components are in-network query pro-
cessors which compute intermediate results within the
wireless sensor network and a data stream management
system which executes all remaining operations neces-
sary to fully answer a query. The data with which a
query is evaluated conforms to sensor (source) readings
and is regarded as streams of tuples. Queries themselves
may refer to relations which correspond to sets of tu-
ples that do not change over time and that are stored
at the central base station.

AndulN’s browser-based graphical user interface al-
lows users to graphically interact with the system by
formulating and issuing queries, monitoring results and
statistics, configuring network deployment, etc. As an
alternative, users can also decide to use the command
line interface, which provides the same functionality.
Furthermore, AndulN provides an interface for interac-
tion with other client applications wanting to use An-
duIN’s query processing features. Another important
component is the library of INQP operators that is used
by the code generator for network deployment.

Figure 1 shows the main components of AndulN’s
architecture as well as interactions between them. In
order to explain these components in more detail, we
first provide a general introduction to query processing
in AndulN before discussing details about the query
language, in-network query processors, and the central
data stream engine.

2.1 General Steps of Query Processing

The first step of query processing is to formulate a
query, parse it, and transform it into a logical query
plan. These logical query plans consist of logical query
operators, or high-level representations of the opera-
tions that need to be executed to obtain answers to the
query. A rule-based logical optimizer reorders operators
within the logical query plan. Such a plan corresponds
to an acyclic directed graph of operators, where tuples
flow from one operator to the next according to the di-
rected edge between them [12,34]. There are three types
of operators:

— sources producing tuples,
— sinks receiving tuples, and
— nner operators receiving and producing tuples.

A query plan consists of at least one source, sev-
eral inner operators, and one sink. After logical op-
timization, the optimizer translates the logical query
plan into a set of physical execution plans and chooses
one according to the techniques discussed in Section 3.
Operators of a physical query plan adhere to a pub-
lish/subscribe mechanism to transfer tuples from one
operator to another. Using this approach is simple and
fast. Each operator could have a number of subscribers
that get result tuples from this operator. With this no
coordinator, like in SteMS [8], is necessary. Addition-
ally, we use a uniform solution on both parts of the
system, which simplifies the optimization.

A physical query plan consists of two parts: one de-
scribing which operators are to be processed within the
sensor network (Section 2.3) and one describing which
operators are to be processed by the central data stream
engine (Section 2.4). Moreover, for most logical query
operators there are at least two implementations: one
to compute the logical operator using in-network query
processors, and one to compute the logical operator at
the central data stream engine. Depending on the op-
erator and its parameters, it is possible that there are
many more alternative implementations for these two
basic variants. In-network operators are not practical
or possible in all cases. For instance, a complex data
mining algorithm, such as the frequent patter mining
approach presented by Gianella et al. [24] or the clus-
ter algorithm CluStream[2], uses synopses that will be
updated over time. The final pattern or cluster extrac-
tion will be done in batch quantities and is very expen-
sive. In these cases, the transfer of the synopses could
be more efficient than the propagation within the WSN
followed by an in-network analysis and the result prop-
agation to the central instance.

The final steps of query processing in AndulN are
the deployment of the chosen physical query plan, the



processing of tuples, and the output of answers to the
query.

2.2 Query Language and Query Formulation

As AndulIN aims at combining the concepts of data
stream mining with query processing in wireless sensor
networks, a language designed for data stream systems
is insufficient. Rather, we need a query language for the
general case of formulating queries on streams of data.

AnduIN’s query language is based on CQL [4],
which was developed in the context of the STREAM
project [5]. CQL was one of the first query languages
for processing streaming data and therefore does not
natively provide us with the full expressivity we need for
AndulN. One of CQL’s main limitations is that queries
involving complex data mining operators cannot be ex-
pressed. Thus, we extended CQL accordingly.

In principle, CQL provides the means to formulate
queries involving synopsis operators — data structures
for aggregating data in a way that reduces memory con-
sumption and still provides sufficient information about
the original data. STREAM, however, implemented this
mainly as sliding window operators used to resolve
deadlocks between blocking operators and allows only
one operator per synopsis [7]. We extended this basic
expressivity by adding special operators corresponding
to more complex synopses — a set of parameters addi-
tionally configures their behavior and characteristics.
In comparison to sliding windows, these complex syn-
opsis operators are associated with specific algorithms
for creation, management, and updates based on the
incoming stream of tuples.

The following query selects two attributes attri
and attr2 from the stream mystream and maintains a
synopsis on the stream itself, i.e., on all its attributes.

SELECT
attrl, attr2
FROM mystream [ synopsis (params) ]

Table 2 shows the list of synopsis operators currently
available in AndulIN. DSMS implementations are avail-
able for all of them, INQP implementations are avail-
able for some of them, and the frequent pattern stream
synopsis is available in an implementation that comes
in two parts (DSMS and INQP) to implement the op-
erator.

In addition, AndulIN also provides the set of well-
known basic stream processing operators such as fil-
ters (including spatial filters), projection, aggregation,
grouping, and joins, for which two implementations
(DSMS and INQP) are available.

physical instances
DSMS | INQP | partial

X -

logical
operator

adaptive burst detection [32]
clustering (CluStream)
exponential smoothing
frequent pattern mining
lossy counting

missing detection

outlier detection

X

MM KK X X X
i

Table 2 Synopsis operators provided by AndulN

2.3 In-Network Query Processing

In consideration of requirements such as extensibil-
ity and flexibility, monolithic approaches, as used by
TinyDB [40], are not applicable to our problem sce-
nario. Instead, our work is based on a modular runtime
environment for sensor nodes. Similar to modular sys-
tems like PIPES [34], we provide a library of operator
implementations for constructing query plans.

AnduIN wuses this library to build query or
application-specific system images for the sensor nodes.
This means that an application is developed in AndulN
by first specifying a query (or multiple queries) run-
ning in the DSMS mode only. After successfully testing
the application, it can be deployed by decomposing the
query plans into a DSMS part and an INQP part based
on cost-based optimization techniques (see Section 3).
The INQP part is a pre-configured execution compo-
nent containing only the part of the queries which can
be processed locally on the node, i.e., operators from the
library required for these plans as well as some process
monitoring functionalities. The system image consisting
of this query execution component is flashed to the sen-
sor nodes or deployed using over-the-air-programming
techniques, if supported by the sensor platform. Al-
though this optimize-first execute-next principle is not
as flexible as a general purpose query processor running
on the sensor nodes, it minimizes resource consumption
at the nodes. Furthermore, this centralized query plan-
ning simplifies query optimization by exploiting global
information. In addition, the applications we consider
in our work are characterized by rather stable, long-
running queries not needing ad-hoc query facilities for
the sensors. Note that this does not mean that ad-hoc
queries are generally not supported. Because AndulN
supports views on data streams, new queries can be de-
fined on top of existing views to process the sensor data
streams.

Figure 2 shows the architecture of a sensor’s runtime
environment based on a Contiki-like operating system?.
Programming the nodes and transmitting the runtime

L http://cst.mi.fu-berlin.de/projects/ScatterWeb/
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environment can be triggered automatically or by the
user. All nodes use the same runtime environment re-
gardless of their actual role in in-network query process-
ing. Depending on their roles, some components simply
remain inactive.

Because of the separation of AndulN’s in-network-
layer and the sensors’ operating system, it is easy to
use other (C99-based) WSN platforms. For this, only
the hardware interface and the operator costs must be
adapted.

In-network query processing makes use of aggrega-
tion based on routing protocols adhering to, for in-
stance, chains [35], tree structures [38], or clusters [41].
Additionally, AnduIN allows the user to define logical
network structures manually. Routing data between two
nodes of this layer will be done by the physical routing
layer of the operating system.

Assuming we are dealing with tree structures, the
root node has a special role, as it needs to collect and
pre-process the results of in-network query processing
and transmit them to the data stream engine. The com-
munication interface is defined during query analysis by
AnduIN’s central component. The deployment process
needs to be restarted when the set of queries to pro-
cess (query pool) changes. The coordinator coordinates
computation by managing query processing activities
at the sensors and sending statistics, collected by the
statistics monitor, to the central component.

2.4 Data Stream Processing

AndulIN’s central data stream engine corresponds to
a data stream management system (DSMS) extended
by several components responsible for query planning,
optimization, and deployment — as illustrated in Fig-
ure 1. After the frontend has received a CQL query,
the parser performs a syntax check and creates a log-
ical query plan. This plan is rewritten and optimized
in a rule-based logical optimization step. Afterwards,

the system computes an appropriate physical execution
plan (Section 3), which is decomposed into two parts:
the one executed at the central data stream manage-
ment system (DSMS subplan) and the one executed
within the sensor network (INQP subplan).

The DSMS subplan serves as input to the DSMS
query execution engine, which is responsible for com-
puting the DSMS subplan operators based on the tuple
stream received from the sensor network. All operators
that are part of the INQP subplan are extracted as
an XML specification. These specifications serve as in-
put to the code generator, which creates the sensors’
runtime environment based on a C library of operator
implementations. The XML extraction facilitates flex-
ibility and the easy integration of various types of in-
network query processors in AndulN [21].

3 Query Planning

Queries are represented as query plans ¢ = {O, S, z, E}
containing logical operators O, a set of sources S C O,
one sink z € O, and edges E C O x O that represent the
data flow between operators, sources, and the sink. For
one logical operator op; € O there exist several physi-
cal implementations O; = {op}, ...,opF}(k > 1), where
0 = U, O, is the set of all possible physical opera-
tors in the query. In this section, we describe how the
transformation from a logical query plan to its physical
representation is done in AndulN.

In contrast to solely centralized DBMS and DSMS,
where different physical implementations refer only to
different algorithms, in AnduIN we also differentiate
between central and in-network variants of the same
algorithm. We refer to physical operators that are pro-
cessed at the central instance by O and to those that
are processed in the sensor network by OV.

Often, processing complex operators like data-
mining operators completely in-network is not advis-
able. Main memory is rather limited on sensor nodes
and running analyses on single dedicated nodes that
involve data from a large fraction of all other sensor
nodes implies CPU requirements that quickly exhaust
battery. A meaningful decision on what to push down to
the sensor nodes is only possible on the basis of an ac-
curate model for cost estimation. For instance, the pro-
cessing of parts of these complex tasks in-network might
be beneficial. To achieve this based on the cost model
that is introduced in this section, we split one complex
operator into a set of simpler operators. Among oth-
ers, this requires the introduction of special sinks and
sources for communication. In physical execution plans,
we refer to the set of sinks with Z C O and to the set of
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Fig. 3 Transformation of logical complex operators into sets of physical operators

sources with S C O, while sticking to the same differ-
entiation between central (£) and in-network (') sinks
and sources. Complex operators that can be processed
completely on the nodes of the network are not affected
by this splitting. We differentiate between the following
general strategies for splitting and processing complex
operators in-network:

— In-Network Processing The complex operator is
completely processed on the sensor nodes. No fur-
ther communication is required.

Partial In-Network Processing The complex oper-
ator is split into two parts: a local part processed
on the sensors and a central part processed at the
central instance. Consequently, additional operators
for the communication between the network and the
central instance are needed. Figure 3(a) illustrates
the schema of such a split. The communication oc-
curs between opNT € ZV and op©t € S£. The solid
arrows represent the data flow between operators,
but do not imply communication operations.
Advised In-Network Processing The split is similar
to the partial in-network processing, but the cen-
tral part of the operator can adapt parameters and
values used in the in-network part (similar to a feed-
back loop). As an example, imagine an in-network
burst detection, which is based on some threshold. If
the initial threshold results in too many false alarms,
the user may decide to increase it. This can be done
using advised in-network processing without deploy-
ing a new image on the sensors, by only changing
the involved threshold parameter. This implies addi-
tional communication costs, which have to be amor-
tized by the saving due to the in-network process-
ing. Additional sinks and sources are inserted into
the physical query plan to represent the communi-
cation with the central instance. The schema of this
split is shown in Figure 3(b).

— Inter-Node Processing This is the processing strat-
egy with the highest degree of distribution. The
complex operator is processed completely
network, but the sensor nodes have to communi-
cate among themselves in order to finish the pro-
cessing. This could refer, for instance, to an opera-
tor that takes the values of a certain neighborhood
into account. A sensor might receive data from other
sensors and in parallel send data to other sensors.
The additional operators added to the physical plan
are in-network sources and sinks, as shown in Fig-
ure 3(c). Typically, operators like in-network aggre-
gation (min, max, sum etc.) are of this type. Each
node measures its own values, but the central in-
stance receives just a single value for one time step.
The data will be aggregated within the WSN.

Note that the different types of transformations
are not necessarily disjunct. For instance, an operator
might receive updates from the central component and
in parallel communicate with its neighbor sensors.

In Figure 4, we show a complete example transfor-
mation from a logical query plan into a physical exe-
cution plan. Operators o‘piv, o_p’Qv, o_pé\[T, o_péw, o‘pgv , and
o’pév are processed in-network. Operators o’pgi, 079§,
and op§ are processed by the central component.

The main task of the query planning is to enumerate
all possible physical execution plans for a given logical
query plan. From all these alternative physical plans,
we determine the costs based on the cost model and
pick the cheapest one for execution. Before we describe
the cost model in Section 3.2, we first briefly discuss
the actual plan enumeration in Section 3.1.

in-

3.1 Plan Enumeration and Plan Selection

The simplest strategy for plan enumeration is to gen-
erate all possible physical execution plans for a given
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logical plan, in consideration of alternative implemen-
tations for logical operators and associative and com-
mutative groups and operators (e.g., join order). Lit-
erature proposes two basic strategies for physical plan
construction [48]: bottom-up and top-down. The for-
mer begins construction at the logical operators repre-
senting the sources and constructs plans by considering
variations of all operators in upper levels of the logi-
cal query plan. The latter strategy starts constructing
plans at the sink and traverses the logical plan down to
the sources. However, constructing all possible physical
query plans can be very expensive. Thus, a common
approach is to apply heuristics that limit the number
of query plans.

There exist many proposals in standard database
literature for alternatives to implement plan enumera-
tion, such as dynamic programming, hill climbing, etc.
The actual approach used and the resulting costs are
out of the scope of this work. For details we refer to [48].
However, it is important to understand that the result-
ing costs have less impact in the streaming scenario of
DSMS than in traditional DBMS. In DBMS, the costs
are an important part of the overall costs of one-shot
queries. In contrast, the continuous queries of DSMS
clearly shift the importance to the efficient processing
of the actual query. The overhead of plan enumeration
becomes the less important the longer a query is run-
ning. Of more importance in this setup is an adaptive
query planning. In the context of continuous queries it
is very important to be able adapt to changing situa-
tions, such as increasing stream or anomaly rates, and
a changing number of parallel queries. However, the fo-
cus of this work is on a cost model that generally sup-

ports in-network query processing. Adaptive planning
is a next step that justifies an own exhaustive work.

Plan enumeration in AnduIN works in a bottom-up
fashion and applies two heuristics to limit the num-
ber of physical query plans. The first heuristic is that
once a partial plan contains the “crossover” from in-
network query processing to processing at the central
data stream engine, we do not consider any plans that
introduce further crossovers back to in-network query
processing, because these plans are too expensive.

The second heuristic regards the limited memory of
the sensor nodes. Both main and flash memory are lim-
ited. Thus, for the plan enumeration, the system has
to compute the flash memory and the expected main
memory consumption for each plan. Thus, for the trans-
formation of a logical operator into a physical one the
system approximates the expected memory consump-
tion. In case the system estimates that the memory
will be exceeded, the operator is placed on the central
instance. This approach is quite simple and does not
guarantee that the most efficient plan will be found. In
future work, we plan to use the most efficient plan by
also considering the memory space.

After plan enumeration, we need to select one plan
for execution. The standard approach is to estimate the
costs for each of these physical query plans (Section 3.2)
and choose the one promising the least costs. The most
important criterion in sensor networks is energy con-
sumption. Thus, most cost models measure costs in
terms of energy consumption. However, there are fur-
ther criteria that play an important role for the decision
which plan to choose, e.g., quality-of-service parameters
like output rate.



When we have multiple criteria that we want to base
our choice on, we face a typical instance of the multi-
criteria decision making problem. A basic solution to
this problem is to define a weight for each criterion and
use the sum over all weighted criteria to determine the
best plan. The definition of the weights is a crucial task.
An alternative approach towards multicriteria decision
making is to determine the pareto optimum, also re-
ferred to as skyline [11] or maximal vector problem [25,
43].

The main idea is that only plans that are not “domi-
nated” by another plan are part of the pareto optimum.
Plan A dominates another plan B if A is not worse than
B with respect to all criteria and better with respect to
at least one criterion.

Formally, a plan p is said to dominate another plan
q, denoted as p < ¢, if (1) for each criterion d;, p; is
ranked at least as good as ¢; and (2) for at least one
criterion dj, p; is ranked better than g¢;. The pareto
optimum is a set P(S) C S for which no plan in P(S) is
dominated by any other plan contained in P(S) — with
S denoting the set of all considered candidate plans.

For instance, assuming that plan A requires less en-
ergy than plan B and both plans have the same output
rate, then plan B is dominated and therefore not part
of the pareto optimum. Intuitively, the pareto optimum
can be understood as the set of all plans that represent
”good“ combinations of all criteria without weighting
them. Based on this set of plans, the user can choose
a plan that meets her preferences. To limit the amount
of user interaction, we can try to derive weights for the
criteria based on the choices of plans from the pareto
optimum made by the user in the past, so that in the
future no (or less) user interaction will be required.

Instead of creating all possible physical query plans
first and determining the pareto optimum afterwards,
we can also construct the pareto optimum incremen-
tally during plan enumeration. Therefore, we apply a
depth-first approach for plan construction. Thus, we
obtain the first complete physical query plans after a
short time. Whenever we have produced an alternative
physical query plan, we check it for dominance by the
plans of the current pareto optimum and add the new
plan if possible. During plan construction we derive a
variety of plans based on the same incomplete phys-
ical query plan. Therefore, we already compare these
incomplete plans to the plans of the pareto optimum.
The idea is that if the incomplete physical query plan
is already dominated by a plan contained in the pareto
optimum, then all plans generated based on this in-
complete plan cannot be part of the pareto optimum.
Thus, we can reduce the number of plans that need to
be generated.

3.2 Cost Model

There are several cost factors important in wireless sen-
sor networks. These different factors have to form the
dimensions of any cost model for processing queries.
The most important ones are:

1. energy consumption

2. main memory

3. data quality

4. output rate or throughput

We propose a cost model that is designed to deal with
multiple dimensions. Clearly, the most important di-
mension is the energy consumption, as battery is the
most limited resource on wireless sensor nodes. Thus,
cost model and query planning proposed in this work
are focused on minimizing the resulting energy con-
sumption. To illustrate the handling of multiple dimen-
sions, we integrate the output rate into the discussions.
The output rate reflects the amount of result data pro-
duced per time step and depends on the computation
time per tuple. Thus, it reflects the overall performance
of query processing, involves costs for disk access and
similar, and is related to the blocking behavior of op-
erators, and therefore to data quality. This choice re-
sults in a particularly illustrative and easy to under-
stand model, while highlighting the general principle
of multidimensional cost-based query planning. It is
particularly illustrative as it also involves the central
component. DSMS usually process several continuous
queries that have to share resources. To enable this,
the costs per query have to be kept low and, more im-
portant, have to be dynamically adjustable. Thus, after
discussing the in-network costs in Sections 3.2.1-3.2.4,
in Section 3.2.5 we briefly discuss the costs occurring in
the central component.

Main memory is a crucial factor as well, particu-
larly in the context of multiple continuous queries that
run in parallel. However, at the current state AndulN
works fine with the memory heuristic introduced in Sec-
tion 3.1. In future work, we will integrate this dimen-
sion in the cost model, together with approaches for
resource- and quality-aware processing of queries. [22]
is one of the first works that discusses the dependencies
between result quality and resource awareness.

Data quality was a driving factor for the design of
the Aurora DSMS [12]. Due to the wealth of existing
research in this area, we do not focus on this aspect in
more detail. For the time being, in AndulN we expect
operators to produce results with the desired quality,
e.g., no parts of input data are discarded by load shed-
ding [9] or similar techniques. This assumption might
not hold in all situations in practice. However, the de-
scription of the cost model and query planning would



become significantly more complicated, so that this as-
sumption is mainly for the sake of understandability.
Load shedding and similar techniques can be integrated
without changing the essence of the proposed approach
— we indicate it accordingly where appropriate.

The cost model is not designed to reflect exact costs
of different operator implementations and execution
plans. Rather, it is designed to accurately reflect the
differences and relations between the available alterna-
tives. Further, the aim of the cost model is to assess the
overall costs occurring in the sensor network.

3.2.1 In-Network Energy Consumption

Sensor nodes show a different energy consumption in
different modes of their activity cycle. Figure 5 shows an
according example measurement. The measuring sen-
sor samples humidity values and sends those values to
its neighbors. The different modes are: (i) measure, (ii)
process, (iii) send (radio mode), and (iv) sleep. The
modes with the highest energy consumption are the
measure (sampling of real values) and the radio mode
(send and receive values). Other approaches for build-
ing a cost model are thus often based on only these
modes. However, with increasing complexity of the op-
erators that are processed on the sensors, the associated
costs for this processing get more important. Thus, we
propose to include these costs into the cost model. We
show some example measurements for processing costs
in Table 4.

Costs that are still not represented in our model are
the costs for the sleep mode, which is triggered by the
sensor OS during complete inactivity. All components
that are not required are deactivated in this mode. This
results in a very low energy consumption. Even with
intensive usage of this mode the costs for sending and
receiving as well as processing data are dominant.

Both, processing and radio costs, depend on the
amount of data handled by the sensor. We measure this
amount in the number of tuples that are processed in
the according operator. Thus, sample rate and operator
selectivity take a central position in our cost model. We
discuss the selectivities of operators and the resulting
energy costs in the following section.

8.2.2 Operator Selectivity

The selectivity of an operator is defined as the ra-
tio between incoming and outgoing tuples in a certain
time At:

_, _ out(op)
7= )

where in(dp) refers to the number of input tuples in
time At of operator op and out(dp) to the number of
output tuples in the same time. Intuitively, operators
like projection have a selectivity of 1, filter operators
show a selectivity of < 1, and join operators can have
a selectivity > 1.

Both, in and out of an operator can be measured
during runtime and the gained values can be used as a
representative sample. Such statistics can be gathered
once and then be reused for later queries. Sources and
sinks do not have a selectivity, as they only produce,
respectively receive, values.

In the case of in-network processing, the processing
of an operator is distributed over several sensor nodes.
In a network with NV nodes there can be up to N differ-
ent selectivities for the same operator. It is not sufficient
to use the average value of all these selectivities.

The output rate of an in-network operator is
out(apV) = S yout(opy) and the input rate is
in(op) = 3.y in(opy ). The resulting operator selec-
tivity is determined by:

,N) . ZN Out(o_p%)

o) = Cintar)

Note that this reflects the aim of the cost model to as-
sess the overall energy consumption of the network. In
our approach, the exact costs at single operators and
an according load balancing are due to the applied dis-
tributed algorithms. It is not a task of the query plan-
ning. If the maximal lifetime of all operators shall be in
the focus, using the maximal value of all selectivities is
a suitable approach. We do not further discuss this issue
and rather focus on the overall energy consumption.

Due to the splitting of complex operators intro-
duced before, one operator op; might produce input
for several other operators, rather than for only one.
In an accurate cost model, we have to respect the re-
sulting different selectivities. To achieve this, we in-
troduce selectivities for op; with respect to its subse-
quent operators: we refer to the output rate of oper-
ator op; with respect to one subsequent operator op;
by out(op; — op;) and to the resulting selectivity as
o(0p; — 0p;) = out(0p; — 0p;)/in(op;).

For representing input and output rate as well as op-
erator selectivity in the cost model, we introduce the no-
tion of activation frequency ¢ of an operator op (in ﬁ):

pred(op) = ()

_ [ out(op)
prediop) #0 !

¢(6p) B { ZiEpred(o’p) U(Z) : ¢(7')

pred(op) refers to the set of direct predecessors of oper-
ator op in the execution plan. The activation frequency
of op is equal to the sum of all output tuples from pre-
ceding operators. The introduction of this recursive for-
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Fig. 5 The different modes of a sensor node

mula allows us to flexibly change parameters and oper-
ators during query planning. On the leaf level of a query
plan (i.e., all operators op with pred(op) = 00) there are
only sources. Thus, these operators do not have any in-
put rate or selectivity — their output rate is defined by
the sample rate of the operator.

3.2.8 Operator Costs

After having introduced the general idea of the cost
model and the principle of operator selectivities, we now
focus on the actual energy consumption (in p.J) of single
operators. The actual energy consumption for process-
ing an operator can be determined by exact measur-
ing or by approximating techniques. In this section, we
discuss the cost estimation for source operators, sink
operators, and inner operators based on the so gained
values and the operator activation frequency.

In AnduIN, we differentiate between two different
types of source operators: sampling sources and network
sources:

— Sampling sources are used to sample values on phys-
ical sensors, e.g., humidity measurements. We as-
sume that the costs for sampling are constant. Thus,
a one-time measuring of the according energy con-
sumption is sufficient.

— Network sources are used for in-network communi-
cation. They are activated as soon as a new message
is received. The energy costs for receiving a message
depend on the size of the message. A message con-
sists of a constant-size header and the actual raw
data. To represent the costs for receiving, we can
measure the costs for sending a single byte of data.
This is, in fact, an average value, as sensor nodes
adapt the signal strengths depending on the dis-
tance between sender and receiver. As the size of
the header as well as the schema of the raw data are
known at query planning time, we can approximate

the energy consumption for transmitting a message
accordingly.

Due to the sensor node OS used in AndulN, the
approximation is even simpler. Transmitted data is
always packed into bundles of 62 byte (6 byte header
plus 56 byte raw data), all the same if the packets
are completely filled with data. Each package will be
send by bursts up to 542ms (up to 146 times) de-
pending on the package collision rate and the mes-
sage receiving. The average latency per hop is then
271ms [30]. For our cost approximation, we only
have to determine the number of messages needed
to transmit intermediate results.

Referring to the costs for sending (i.e., publishing)
a single message by E,.;, we can model the energy con-
sumption for sending a single message at a sink opera-
tor op € ZV as:

A crucial factor for message transmission costs is the
average hop distance hg, for each tuple sent by oper-
ator op. Messages are usually not sent directly from
a sender to the designated receiver. Rather, they are
forwarded to intermediate nodes closer to the receiver,
which forward the message again following the same
method, until it finally arrives at the receiving node.
The number of intermediate messages is called the hop
distance h. We model this aspect by introducing opera-
tor overlays. These overlays are also used to model the
energy consumption for transmitting messages to pro-
cess an in-network operator on only a part of all sensors
(e.g., outlier detection by designated leaders for each
neighborhood [23]): the average hop distance of such a
subset of nodes is usually smaller then the average hop
distance of all nodes in the network.

The transfer costs Eyqns for forwarding a message
using intermediate peers are included in the costs for
receiving a message at a designated node. Like this,
we do not have to include the number of subsequent
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operators in the sink operator — it is implicitly observed
by the number of receiving source operators. We assume
that the costs for sending a single message are equal to
the costs E,¢cy for receiving it, i.e., Epyp = Erecy. Thus,
costs for receiving a message at a designated network
source operator op € SV are:

E(O_p) = Epub + Etrans(o_p)

The transfer costs for operator op are:

Etrans (0?7) = (Epub + Erecv) . (ho’p - 1)
- 2 . Epub . (hofp - ].)

Usually, the sensor nodes are in the sleep mode. To
receive a message, they have to be reactivated, which
results in wake-up costs. As these costs are very low
and are comparable to the usual “noise” of a sensor’s
energy consumption (they can be identified in Figure 5
at the very short switch phases between different sensor
modes), we do not capture them explicitly in the cost
model.

The costs for transmitting messages to the central
instance are estimated analogously. The sending node
pushes the message into the network and intermedi-
ate nodes care for forwarding it to the central instance.
The costs for the sink operator responsible for trans-
mitting data to the central instance are estimated by
Equation 2. In contrast, the receiving source operator
at the central instance does not involve any energy con-
sumption. Thus, the costs for a central source operator
op € S% are:

E(O_p) = Etrans(o_p) =2 Epub : (ho’p - ]-)

One approach to determining the average hop dis-
tance for the whole network is to send a broadcast
message from the central instance. Every node that
forwards this message increments a counter. After all
nodes at the leaf level of the network received it, they
send a response message back to the central instance.
On the way back, the counters of the original message
are aggregated. Finally, the central instance can deter-
mine the hop distance of the whole network from the
aggregated value, and can determine the average hop
distance taking the number of sensor nodes into ac-
count. Similar approaches and statistics have to be used
to determine the average hop distance for an overlay
network used for processing a complex operator. With
a known sample rate for each source, it is then possible
to determine the average hop distance per tuple.

Another approach is the usage of tree or cluster hier-
archies, similar to TAG [38] or LEACH [41]. In this ap-
proach, each parent node receives the number of nodes

and hops from its children, aggregates them and for-
wards the result to its own parent. The hop distance is
counted starting from the leaf nodes. The main prob-
lem of this approach is the maintenance overhead. In
the case of a node failure or movement, a whole subtree
has to be updated. In the case of the previous simple
approach, the counting will be initialized completely
new each time. Dependent on the dynamic behavior of
the sensor network and the checkup time, the first or
the second approach will be more efficient. Neverthe-
less, both techniques have no influence on the actual
query processing costs.

A main problem in modeling the communication
costs is that we have to assume some communication
topology. Events like packet loss and retransmissions
are usually of non-deterministic nature and impossi-
ble to predict accurately. However, as in any database
cost model, the aim is not to model processing costs
exactly. Rather, the aim is to accurately estimate dif-
ferences and trends between alternatives. As such, it
is sufficient to model average costs, resulting from the
unreliability of wireless communication, in the activa-
tion frequencies of source operators and in the average
hop distance. The required statistics can be learned and
optionally adapted over time.

For estimating the costs of inner operators we have
to take the processing costs of the operator implemen-
tations into account. As mentioned before, we deter-
mine these as processing costs per input tuple. For al-
gorithms with constant costs (filter, projection, sum,
average, etc.) it is sufficient to measure these costs only
once. For operators with non-constant costs we have to
approximate them accordingly. We use an example to
demonstrate the approximation of the simple minimum
operator op,,,,-

Example 3.1 The minimum operator returns the
minimum over the last k values of a data stream. w de-
notes the maximum possible elements of the window.
A newly inserted value will be compared with the cur-
rent minimum. In case the new value is smaller then
the current minimum, the operator sets the new value
as minimum and inserts it into the window. The inser-
tion displaces the oldest element of the window. In case
the replaced value does not correspond to the current
minimum the processing is finished. Otherwise, the win-
dow must be searched until a new minimum has been
found. In the worst case, the operator has to check all
w elements of the window.

In order to approximate the execution costs for this
operator we can use two reference measurements E; and
E, with a window size of w; and ws respectively. With
this, we can approximate the costs for an arbitrary win-
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Symbol Operator
CA,B operator sampling values A and B
6%,[ - operator filtering B > x
co’rm/XTB sink sending values A and B
cohnﬁ¢B source receiving values A and B
agg%[ operator aggregating B
agngiB in-network source for aggg
agngTB in-network sink for ag']g'g
co?mﬁgm 5 sink for agg/g sending to central instance
connggs o source for aﬁgg at central instance

Table 3 Example operators

dow size by

) = (E28 ) (B8 g

W2 — W1 W2 — W1

|

In most cases, it is possible to define a similar approxi-
mation for operators with non-constant costs (e.g., dif-
ferent join implementations, aggregations). Neverthe-
less, in case an approximation is not possible (for in-
stance, for complex operators like clustering or frequent
pattern mining) we can use some observed data for the
cost estimation.

3.2.4 Costs of Ezxecution Plans

Based on operator activation frequency, operator selec-
tivity, and operator processing costs, we can estimate
the costs for a physical execution plan § on one sensor
node in the time At as follows:

Enode(7) = ) E(op) - $(op) (3)
opeqV

In the following, we illustrate the whole cost estimation
on the basis of two examples. Table 3 summarizes the
operators used in the examples.

Example 3.2 On each sensor node operator
C A,B samples 5 times per minute. For the example net-
work from Figure 6, consisting of 10 battery powered

1 ] base station
o v
4 S e
.\ N 7’
Sl e« 2
TS5 -7
9 ////\ \\\
- \
r-~*“"/ o 3
\ N
10 \ AN
\ \\
\\ \.7
L8

nodes, this means we have 50 samples per minute, i.e.,
out(Ca,p) = 50. We assume operator 57, has a se-
lectivity of 0.5, i.e., in average only each second tuple
passes the operator. The average hop distance of the
whole network is (1+2+2+4+2+3+34+3+4+4+4)/10 =
2.8. With this, the overall power consumption can be
estimated by:

E(q1) = 50 - E(Ca,B) + 50 - E(6~,)
+50 - 0.5 - E(conn’y ;) + 50 - 0.5 - E(conn’5y)
=50+ (E(Ca,5) + E(68-.))
+25 - (Epub + Etrans (conn'’y'p))
=50 (E(Ca.5) + E(0%>,))
25 (Epus + 2 Eputs (s, — 1))

=50 (E(CaB) + E(6%-,)) +25-4.6 - Epup

Example 3.3 In this example, we illustrate an in-
network aggregation, similar to TAG [38]. Inner nodes
of the network wait for tuples from their child nodes and
aggregate these with their own measurements before
forwarding the aggregated values towards the central
instance. The query in Figure 7 shows the in-network
representation in the AndulN operator model. The in-
network aggregation operator aggjf\;f has an additional
network source a@gﬁ{ % and an additional sink agg/X 39
for communicating with the neighbor nodes.

As the same network topology as in the first exam-
ple is used, we also have 10 sensor nodes and an aver-
age hop distance of 2.8. Each node samples 5 times per
minute, i.e., out(fA’B) = 50. The outrate of aggjl\;/ with
reference to aggXTB is 45 (each node, except node 2,

forwards 5 tuples). Thus, operator aggj)ﬁs produces 45
tuples (inner nodes receive the results from the neigh-
bors by this operator). The outrate of agggf with ref-
erence t0 conmgg, . is 5, since only node 2 has to for-
ward the final aggfegate (5 times per minute) to the



13

logical plan physical plan
1 ] base station
— [N v
(PconnaggA 5 4 —
‘ p — .. out(ag?\fé‘}B) =15
‘ N out(agg + ) =10 AR in(aggp ) = 20
O aggB O conniggg I RN . -5
- 4.5 N1 in(aggy) =15 = zn(connaggAyB) =5
a994,B \in(co?maygA )= O/ 7 33
- N ’ e .
Ca.B \‘@9 10 & - "%9
O ag’]gi}fi e N1 N \
B out(ag‘]i]\f‘ 5) =0 Y
rn in(aggy) =5 L8
) \zn(connaygAyB) = 0/

Fig. 7 Example 2

base station, and thus to operator coﬁnﬁg“

the central processing. Then, the selectivities of agg/g
are a(agggf — cohngngAB) = 9—55 = 1—19, respectively

U(agggf — a@gﬁ\ﬁg) = % = %. The overall energy con-

sumption for query g follows as:

,, as part of

E(g2) = 50 - E(Ca,5) + 95 - E(agg)y)
9 _ _
+95 - " E(aggi\(f )+45- E(agg/ng)

1 N
+95 - 19" E(connaggAYB)
Note that the average hop distance of the overlay for
both communications (between aggﬁ(; and aggﬁ{jg as

N1 is 1. Thus,

_rl
45945 and conn,

well as between conn e B)

E(q@2) = 50 - E(Ca.B) + 95 - E(agg)y )
+45 - Epyp +45 - (Epub +2-Epup - (1-1))

45 Epup +5-2- Epup - (1 — 1)
=50-E(Ca.B) +95-E(aggl) + 95 - Epus

The selectivity and inrate of the in-network aggre-
gation operator can be approximated analytically. For
this, we have to assume a network topology. To il-
lustrate this, we assume a balanced tree of height h,
where each sensor node has f child nodes (the neigh-
borhood). With this, we can approximate out(agg )
and o(agg") as follows:

out(af_]gNi) = (hzjl fi — 1) . 701”(0_1))
= Yiso i

_ out(op)

= t _—_—

oD =

out(ap)/ (35— f)
(out(op) + out(agg"'t))
out(aggV")
(out(op) + out(aggV'‘))

J(a[]gN — cohnﬁg;) =

o(agg" — agg"'") =

where op denotes the operator preceding agg”,

which is mnot the network source aggVt. In
the example above op = (4,5. The computa-
tion of out(aggVV),o(aggy — cohnggg ), and

o(aggh — aggNT) depends only on the outrate
of op and the assumed network topology. B

3.2.5 Execution Costs at the Central Instance

At the central component, the energy costs are not rel-
evant. That is why in our cost model they are always
0. We are rather interested in aforementioned quality-
of-service parameters like output rate. For this, it is
important how much tuples one central operator can
process per time. To model this as costs, we use the
time needed to process one tuple. As CPU resources
are shared between all central operators, the effort for
processing each of them should be minimized. Like this,
in addition to the energy consumption, the output rate
forms a second dimension for the multicriteria query-
planning problem. As an example, imagine two execu-
tion plans where the swapping of two in-network oper-
ators results in (almost) the same energy consumption.
In this case, the execution plan that results in the low-
est costs at the central instance should be preferred.
The central costs become even more important regard-
ing that AnduIN also works with non-sensor stream
sources besides sensor sources. Following this approach,
we have to consider two factors: (i) the number of in-
put tuples per time, and (ii) how many tuples can be
processed per time.

We only have to estimate the time needed for pro-
cessing one tuple for inner operators. An optimization
of the central part cannot influence the number of cen-
tral sources and sinks — they are rather dependent on
the in-network part and the query itself. Thus, the costs
for sources and sinks at the central component can be
neglected. The processing costs C(op) for inner oper-
ators op € OF have to be determined similar to the
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energy costs of in-network operators. Operators with
constant costs can be measured once, while costs for
operators with a non-constant overhead have to be ap-
proximated. It is important to observe that the costs
are dependent on the underlying system. All measures
have to be taken on the same system.

Our approach for estimating the overall costs at the
central instance are based on an idea similar to the effi-
ciency in physics. We determine costs that have no unit,
by multiplying the time C(op) needed to process one
tuple with the activation frequency ¢(dp). The lower
these costs summed over all central operators are, the
less CPU resources are needed. Are the operator selec-
tivities, the number of tuples produced by the sources,
and the costs for processing single operators known, we
can estimate the overall costs for processing an execu-
tion plan at the central component as:

Cp= >,

opeg~\S\z

C(op) - ¢(op) (4)

The number of input tuples can be determined using
Equation 1. In the multicriteria query planning prob-
lem, these central costs have to be minimized.

A value of C(dp)-¢(dp) > 1 means that the operator
op cannot process all input tuples in time, which results
in a blocking behavior. As such a blocking has to be
resolved by reducing the input rate (e.g., by reducing a
sample rate or applying load shedding), this should be
avoided. We assume that there is no blocking behavior
at any of the central operators. For scenarios where
this assumption might be wrong, we have to add an
additional criteria to the query-planning problem, such
as MaXq,cqe\§\z < 1-

Note that the suitability of the pareto approach over
the two cost dimensions as introduced here is limited to
a subset of all planning problems, such as the example
mentioned in the beginning of this section. To enable it
meaningfully in general, energy costs as well as process-
ing costs have to be determined for the in-network part
as well as for the central component. The cost model
introduced for in-network energy consumption is suited
to easily integrate the processing power of the sensors.
This affects the output and input rate of inner opera-
tors as well as their selectivity. An according approach
could be based on the ideas from [49]. The cost model
works as before, only the parameters have to be adapted
accordingly. We do not provide more details on this.

This completes the cost model. As described in Sec-
tion 3.1, the task of the query planner is now to enu-
merate all possible execution plans and to decide on
one of them. This has to be done with respect to the

relevant dimensions: overall energy consumption in the
network and output rate (i.e., central processing costs).
This can be arbitrarily extended, for instance, by addi-
tionally regarding memory consumption.

4 Evaluation

In this section, we show the general suitability of the
proposed query planning to enable ordering of physical
execution plans based on estimating their real costs.
The presented cost model depends on two parameters:
the costs for the execution of an operator and its ac-
tivation frequency. For this, we present in Section 4.1
the measurements for some INQP and DSMS operators
integrated in AndulN. Afterwards, we use an example
to show the applicability of estimating the costs for an
operator with non-constant complexity. Based on these
results, we compare the predicted in-network costs with
the real power consumption of a query in AndulN .

4.1 Operator Costs

In-Network Processing Costs For our experiments, we
used sensor nodes equipped with MSBA2 boards and
an ARM LPC2387 processor, a CC1100 transceiver,
512KB Flash, 98 KB RAM, an SD-card reader, and a
camera module. The SD-card of each sensor node con-
tains a small configuration for the customization of the
query execution (e.g., a unique node identifier). In or-
der to measure power consumption, we use two nodes:
one base station node, connected to the DSMS part of
AnduIN, and a battery-powered sensor node observed
by a digital storage oscilloscope. The oscilloscope mea-
sures the fall of voltage over a resistor of 142 (less than
3% discrepancy), installed between the power source
(the battery) and the sensor node’s main board. The
board itself requires a voltage of at least 3.3V. Since
the battery provides up to 4.3V, the added resistor has
no effect on the nodes’ functionality.

Table 4 shows the energy consumption for example
operators. In sleep mode, the electric charge is 4.16mA
(this value depends on additionally active hardware,
such as an active SD-card reader).

The oscilloscope samples with a frequency of 20k H z
and each observation is the average over 10 measure-
ments. The electric charge is the average charge neces-
sary for operator processing. For instance, the sampling
of humidity has 3 phases: initializing the measuring,
waiting (similar to the sleep mode), and providing the
measurements. Then, the charge of 4.3mA is the aver-
age charge over all 3 phases.
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electric | consumed

time charge energy
operator inms | in mA in pJ
sample (temp) 264.5 4.3 3753.4
sample (hum) 114 4.4 1655.3
sample (temp + hum) 359 4.0 4738.8
send (init) 2.3 7.9 61,7
send (62B - 1Push) 3.6 8.4 99.7
avg send 271 - 7344.8
outlier detection 6.1 5.5 110.7
FPP Tree Op (L1) 18.9 7.2 654.7
FPP Tree Op (L2) 65.8 6.2 1346.4
FPP Tree Op (L3) 55.2 7.6 1384.4

Table 4 Example energy consumption of in-network operators.

window size
Operator 1 10 100
projection 126 - -
filter 136 - -
aggregation 173 1704332 166 + 367
grouping - 1394909 141 + 956
nested loop join - 7344121141220 | 6035+9031+8657
hash join - 34248754817 1225+4-3654+3600
outlier detection - 178 393

Table 5 Example computation time for one tuple (time per
tuple in us).

Output rate: computation time per tuple For measur-
ing the processing times, we extended AndulN’s DSMS
component by a statistics monitor. The statistics mon-
itor registers the number of incoming and outgoing tu-
ples per node and observes the activation times of all
operators. With this, we can calculate the computation
time of each operator necessary for processing a single
tuple.

Table 5 shows the computation times for example
operators in AndulN’s DSMS component. Each compu-
tation time for window-based operators has been split
into either two or three parts. The first value denotes
the operator processing time (without the window look-
up) and the remaining values denote the time necessary
for the window look-up(s).

These measurements show the general applicabil-
ity of evaluating single operators with respect to power
consumption or tuple computation time.

4.2 Approximation of operators with non-constant
complexity

Next, we show the applicability of approximating the
execution costs for operators with non-constant com-
plexity. This is done exemplary on the minimum op-
erator described in Section 3.2.3. Due to the fact that
measuring the throughput is simpler than measuring
the energy consumption, the following experiment is

performed on the operator implementation of the cen-
tral instance. Nevertheless, the implementation of the
used operator is equal on both platforms. Thus, the
presented results could also be mapped to the energy
costs.

The cost estimation for the minimum operator de-
pends on the used window size, which will be defined
by the user as part of the query definition. First, we
measured the execution costs for the minimum opera-
tor with window size 10 and window size 100. For the
measurements we used uniform distributed data from
[0,100]. Using these measurements, we approximated
the costs for a window size of up to 800 elements (Fig-
ure 8(a)). To evaluate this approximation, we addition-
ally measured the costs for different window sizes us-
ing the same data distribution as before. The measure-
ments are also depicted in Figure 8(a). The figure shows
that the approximation provides satisfying results, in
case of a known data distribution.

Next, we want to analyze the estimation quality in
case of non-uniformly distributed data. For this, we use
the best and worst case scenarios occurring on the min-
imum operator: (i) the minimum element is the first
element of the window, and (ii) the minimum element
is the last element of the window, i.e., all elements of
the window have to be checked. In order to produce
this behavior, we simulated time series with constant
increasing or decreasing values. The measurements in
Figure 8(b) devote significantly from the approximated
values, especially in the expensive worst case scenario.

The results show that we are able to satisfyingly
approximate the execution costs of operators with non-
constant complexity in the case of a well-known data
distribution. Nevertheless, the results also show the
possible problems when using wrong or unknown data
statistics. There are various approaches proposed in lit-
erature for estimating the data distribution using sam-
ple data. Thus, we can assume that we are able to esti-
mate the data distribution in order to approximate the
operator costs satisfyingly accurate.

4.3 Cost Model

In this section, we examine the accuracy of our cost
model by comparing the estimated execution costs of
a query with the real execution costs measured on the
sensor nodes. In [50], the authors proposed operator
scheduling for a stream engine. Optimizing process-
ing performance is achieved using operator selectivi-
ties. Our cost model uses a similar optimization ap-
proach, extended to the wireless sensor network. In
Section 3.2.3, we discussed that this approach can be
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Fig. 8 Estimated and real execution costs for the minimum operator (using different window sizes)

mapped to known fanout-based in-network cost mod-
els. Next, we want to show that the usage of operator
costs and activation frequency is suitable to estimate
the power consumption of the in-network part of An-
duIN queries. For this, we compare the costs computed
by our cost model with the measured real costs.

As one can see from Figure 5 (and which is also re-
flected by the cost model), the overall power consump-
tion is a linear combination of the power consumption
of the different operators. Due to the fact that An-
duIN uses the same runtime environment for each sen-
sor node, it is sufficient to observe a single node’s power
consumption. In the following, we base the comparison
on one query, which is transformed into a set of physical
query plans. The query contains all essential aspects of
a typical in-network query: measuring values, process-
ing these, and sending the results to the base station. In
addition, we use two processing operators with a com-
pletely different power profile.

The comparison is based on the following CQL

query:

SELECT <d, time, hum
FROM
(SELECT
td, time, temp,

hum [outlier (win=>10)]
FROM mystream
) [ dummy ]

Due to the communication protocol of the used Contiki-
like OS and the relatively long transmission times, we
use a sampling interval of two seconds (as sending a
tuple requires up to 532ms, plus the measurement of
the humidity and the execution time of the dummy, an
interval of 1 second could be exceeded).

The inner query in the example performs an out-
lier detection on the attribute hum. In case there are
outliers, the synopsis dummy will be processed and the

physical estimated measured
plan processing sleep sum

plan 1 0.27000 0.66567 | 0.93567 0.92528
plan 2 0.16315 0.71901 | 0.88216 0.86816
plan 3 0.14892 0.73211 | 0.88103 0.85265

Table 6 Estimated vs. measured in-network energy consump-
tion for one minute (in J).

results are forwarded to the user interface. The syn-
opsis dummy is a blackbox operator, whose behavior
(e.g., costs and selectivity) can be tuned arbitrarily for
evaluation purposes. For this example, it is sufficient to
understand the dummy operator as a power-expensive
synopsis operator. In the example, the operator creates
costs of 3971.9uJ per activation (118ms and 10.2mA
average electric charge).

AndulN translates the query into the internal log-
ical query plan presented in Figure 9 (left side). The
set of all resulting physical plans generated during the
plan enumeration phase is presented on the right side
of Figure 9.

In order to compute the average costs for one minute
of activation, an interval in which the sampling source
is activated 30 times (one sample every 2 seconds), we
assume the following selectivities to approximate the
costs: o(outlier) = 0.5 and o(dummy) = 0.33. The
selectivity of dummy is fixed at 0.33 to simulate an
operator processing batches of fixed size 3. The selec-
tivity of outlier was estimated by executing the query
on the sensor node and measuring the real selectivity.
This measured selectivity was used afterwards for the
approximation.

Table 6 shows the results of this experiment. We
used a sensor that was connected wireless to the base
station node via one hop and observed it using an oscil-
loscope with a sampling frequency of 10kH z. For each
of three runs, we measured for at least one minute of ac-
tivation time and computed the average electric charge
for this trail. Based on this, we were able to compute
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the average energy consumption over one minute. The
results are shown in Table 6 (right column).

The table shows that the estimated and the mea-
sured energy differs significantly, which has a simple
explanation. In our cost model, we do not consider the
costs for sleep mode. For completeness, we have ex-
tended Table 6 by the (estimated) sleep costs, which can
be derived from our cost model. With these sleep costs
included, the estimated values are consistent with the
measured values. The still observable small differences
can be explained by many factors, e.g., imprecision of
the used resistor or oscilloscope, too low measurement
frequency, noise, or additional activity of the OS. Nev-
ertheless, the comparison demonstrates that our cost
model is capable of estimating actual energy consump-
tion when the sleep costs are integrated.

This suggests to consider the costs for the sleep
mode in our cost model. But, this is not necessary, since
we are not interested in exact costs in AndulN. Mostly,
an exact estimation is not possible, since selectivity and
network topology are also approximated. Thus, choos-
ing the best execution plan depends on the comparison
of the different alternatives. Table 6 shows that when
we compare the order of the plans based on the mea-
sured and estimated energy consumption, the order is
the same whether the sleep costs are considered or not.

5 Related Work

A huge number of techniques and systems in the areas
of data streams and sensor networks have been pro-
posed in literature. However, most of them consider
only one of these areas independent of the other. Few
approaches consider both paradigms jointly, which the
system proposed here does. This section gives a short

overview about techniques and systems from both re-
search areas.

WSN Operating Systems Over the past years, different
special operating systems for sensor nodes have been
developed. The number of operating systems is as mani-
fold as the number of possible hardware platforms. This
spans from primitive solutions to control the hardware
and simple peer-to-peer connections to systems provid-
ing multi-threading and executing small Java virtual
machines (SOS [27], Mantis [10], t-kernel [26], etc.).

One of the most popular operating systems on sen-
sor nodes is TinyOS [29,18]. Originally developed by
the University of Berkeley, TinyOS is used today on a
large number of hardware platforms and provides the
basis for numerous projects. Main features of TinyOS
are the event-based execution of applications, a mod-
ular design, and over-the-air-programming. Another
popular sensor operating system is Contiki [20]. The
main advantage of Contiki over TinyOS is the usage of
C99 and the support of threads (protothreads). The
INQP of the proposed AndulN system is based on
feuerware?, a Contiki-like operating system.

One of the main tasks of the sensor operating sys-
tem is the routing of data packages. For this, sensor net-
works usually build ad-hoc networks. Next, we briefly
discuss different routing protocols.

WSN Routing Classical computer networks use an
address-centric approach. To achieve fast data transfer,
the protocol has to minimize the hop distance between
two nodes. In contrast, WSN transfer protocols have
to minimize the power consumption requirements for
the data transfer. That is, the transfer protocol has to
choose the way with which to minimize data transfer
costs. This approach is called data centric.

2 http://cst.mi.fu-berlin.de/projects/ScatterWeb/
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Communication protocols in WSN can be grouped
into two classes: flat networks and hierarchical networks
[44]. The most popular protocols for flat network struc-
tures are push diffusion [28] and directed diffusion [31].

With hierarchical protocols, the network layer cre-
ates a topology that is used for the complete data trans-
fer. For chained-based aggregation protocols like PEGA-
SIS [36], messages are transferred along a chain built by
nodes with minimal distance. Chained-based protocols
are very efficient (depending on the build algorithm),
but in general they are not robust against node failures.
Tree-based aggregation protocols like TAG (Tiny AG-
gregation) [38] build tree structures. In such a structure,
inner nodes aggregate the data on the path to the tree
root. In cluster-based protocols, nodes inside a neigh-
borhood chose one node within this neighborhood as
the cluster head responsible for data aggregation and
communication with nodes outside the neighborhood.
In general, the cluster head is more heavily used than
other nodes. In order to disseminate these costs over
all nodes within a cluster, solutions like LEACH [41]
regularly change the cluster head.

In general, the used routing strategy is part of the
network layer of the operating system. On WSN, the
operating system and applications like the query layer
on TinyDB are interwoven and inseparable. For in-
stance, Madden et. al introduced in [40] Semantic Rout-
ing Trees (SRT) as part of TinyDB. This is another
routing approach based on query semantics. This means
that a node decides for itself which child nodes receive
queries and which do not. If a sub-tree can contribute
to a query result, the node forwards the query to this
part of the SRT, otherwise the node refuses the query.

Power consumption estimation Due to limited power
resources, energy consumption is the most critical prop-
erty in sensor networks. In order to evaluate topologies,
protocols, and in-network operators, a precise energy
model is essential. Network simulation environments
like PowerTOSSIM [46,42] and SensorSim [45] provide
accurate per-node power consumption analyses. In or-
der to achieve simulations with a high level of accuracy,
real sensors are observed during a benchmarking phase.
For this, the original sensor code has to be extended by
(possibly small) changes necessary for measuring the
energy consumption. Afterwards, the simulation envi-
ronment is able to use the real power consumptions to
approximate the costs for different topologies and prop-
agation strategies.

Different analytical cost models [15,16] have been
proposed in literature. They are often designed inde-
pendently of the used physical network layer and geared
towards predicting the residual lifetime of the sensor

network. The cost model presented in [51] was designed
to compute the benefits of a (partial) merge of queries
(in context of multi-query optimization for sensor net-
works). The authors also considered the selectivity of
predicates to estimate the power consumption for a sin-
gle query.

As discussed before, for AnduIN it is not important
to compute the real power consumption of sensor nodes.
For instance, costs for maintaining routing structures
will be independent of running queries. Of course, they
are essential for the sensor network itself, but not for
the comparison of different query workloads. Because
of this, AndulN follows the analytical cost model.

INQ@P One of the first systems including sensor nodes
into query computation was Fjords (Framework in Java
for Operators on Remote Data Streams) [39]. Opposed
to later systems, Fjords was not designed for in-network
query processing. Thus, sensor nodes only measure val-
ues. Results are sent to proxy servers, which serve as
caches and simple filters. Afterwards, the proxy servers
send their results to the target server. In addition to
the primitive pre-processing, the proxy servers have the
opportunity to adapt the sensor nodes’ sampling times
and can pull measurements from them.

The Cougar project [53,52] was one of the first
projects to bring database concepts into the world of
sensor networks. For this, each sensor node was ex-
panded by a query layer, which serves as a layer between
the user application and the sensor network. Cougar
differentiates between three classes of sensor nodes: (i)
source nodes, (ii) inner nodes, and (iii) the gate node.
Source nodes only measure values, inner nodes addi-
tionally compute some simple operations, and the gate
node serves as a connection to other sinks and provides
a simple query optimizer. First in-network aggregation
approaches were introduced along with Cougar, such as
packet merging and partial aggregation [52].

One of the most well known INQP is TinyDB, first
presented by Madden et. al [37,40]. Since all values
produced by TinyDB are stored within a virtual Ta-
ble sensor, TinyDB is called a declarative database
systems for sensor networks. Each row of sensor rep-
resents the state of one node at one time, while columns
represent the attributes. In the context of TinyDB,
Madden et. al also introduced ACQP, a special query
language adapted to the requirements of sensor net-
works. Due to the monolithic design of TinyDB, a large
number of operations is integrated. The most popular
operators are acquisition, filter, projection, aggregation,
grouping, and join operators. The limited memory re-
sources results in the lack of alternative, more power-
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efficient implementations of the join operator: by de-
fault, TinyDB supports only the nested-loop join.

DSMS Opposed to in-network processors, central data
stream processors often support the processing of a
huge number of operators including complex mining al-
gorithms. One of the first systems particularly devel-
oped for data stream processing was STREAM (Stan-
ford Stream Data Manager) [5,4], where data flows
from sources to sinks. One of the fundamental concepts
of STREAM is its translation between data streams
and relations. Streams are mapped into relations using
a stream-to-relation operator. Subsequently, the rela-
tion can be processed using known database utilities.
After the in-relation processing, the relations must be
translated back into streams using a relation-to-stream
operator.

Together with STREAM, the query language CQL
(Continuous Query Language) was introduced [6,4,7].
CQL is based on the SQL standard extended by a syn-
opses operator and the relation-to-stream operators.
The query language used in AndulN is based on CQL,
but AnduIN does not use the relation-to-stream oper-
ators, since it works directly on streams.

The TelegraphCQ project [14,13] uses a different
data-stream approach. In TelegraphCQ, tuples flow
through operators controlled by modules called Eddies
[8]. Each tuple holds a bitmap, containing a list of op-
erators that it has already visited. Based on this, the
Eddies decide which operator is the next to process the
tuple.

Combined DSMS/INQP There are few approaches
that try to combine DSMS with INQP. For instance,
the Borealis Project [1,3] focuses on distributed data
stream processing, where each distributed node works
as a data stream server. Using a proxy-server approach
(similar to Fjords), Borealis is also able to integrate
WSN into the stream processing. The main problem of
this approach is that the system considers the whole
WSN as one operator. A DSMS/INQP overlapping op-
timization like that in AndulN is not intended. An-
other combined DSMS/INQP is the HiFi project [17].
HiFi is a combination of TelegraphCQ and TinyDB,
where TinyDB is considered as a black box. Neverthe-
less, the usage of TinyDB results in the same problems
that TinyDB has itself. The monolithic approach sup-
ports only a restricted number of operators.

An approach similar to AnduIN was proposed
in [19]. The authors also developed a system that builds
the sensor nodes’ runtime environment based on the set
of running queries. In contrast, AndulN integrates this

approach into an existing data stream engine and pro-
vides complex operators like frequent pattern mining
and burst detection.

6 Conclusion and Outlook

In this paper, we presented AndulN, a system support-
ing partial in-network query processing in wireless sen-
sor networks. AnduIN is composed of two components,
a central DSMS and a distributed INQP. We introduced
a new approach to handling complex operators, and,
based on this, we developed and evaluated a cost model
for approximating energy consumption.

In its current state, AndulN supports a very large
number of operators in both the central and the in-
network component. Nevertheless, most of the synopses
operators are only a part of the central instance, and
future work includes an analysis of options to imple-
ment them (partially) as in-network operators. At the
moment, AndulN deploys queries only once — at the
query generation time. In general, data and network
characteristics can change over time, especially in dy-
namic environments. Then, the optimal execution plan
can change and should ideally supplant an outdated
running plan. Therefore, the exchange of sensor nodes’
images is part of our future work, along with the de-
velopment of multi-query optimization (MQO). All this
will be the focus of a self-contained work on adaptive
query planning and processing. In AndulN, operators
can be integrated multiple times into the same node’s
image and execution plans can contain redundant oper-
ations, wasting limited memory and energy resources.
Thus, the reuse of operators is a promising direction.
Future work on AndulN is especially promising due to
its modular design, which supports simple integration
of new optimization techniques.
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