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Wireless Sensor Networks

A collections of devices that can:
sense,
actuate, and
communicate over a wireless network

Increasingly being deployed everywhere
Great Duck Island (one of the first deployments)
Redwood forests, precision agriculture, fabrication
monitoring

Lot of research in last 5 years
In networking, systems, languages, databases, modeling
etc. . .



Wireless Sensor Networks: A Brief History

Sensors used for a long time (especially in industrial
monitoring)
Recent CS History:

(1998) Pottie + Kaiser: Radio based networks of sensors
(1998) Pister et al: Smar Dust

Initial focus on optical ocmmunication
By 1999, radio based networks, COTS Dust, “Motes”

(1999) Estrin + Govindan
Ad-hoc networks of sensors

(2000) Culler/Hill et al.: TinyOS + Motes
(2002) Hill/Dust: SPEC, mm3 scale computing ??

Many companies providing hardware, support now
Crossbow, Moteiv, Arch Rock etc. . .



Motes vs. Traditional Computing

Lossy, Adhoc Radio Communication
Low Bandwidth Shared Radio Channel

40 kBits on motes
Much less in practice

Very lossy: 30% base loss rate
Somewhat different communication patterns (multi-hop,
broadcast etc)

Sensing Hardware
“Acquisitional”: can control when/what to sample

Severe Power Constraints
Lasts only days to weeks depending on usage



Data acquisition in Sensor Networks

TinyOS-based
Write custom programs to acquire data
HARD !! Need to program around/for:

Limited power budget; Lossy communication
Need for distributed algorithms, limited development
tools

TinyDB
Provides a declarative querying interface to acquire data
Abstracts away much of the complexity



Wireless Sensors: Energy Consumption

Primary focus of much research in this area
Reasoning about power consumption hard - many
simplifications typically made
Hardware dependent: e.g. for motes, “receiving” can be
more expensive than “transmitting”

parsed, optimized and sent into the sensor network, where they are dis-

seminated and processed, with results flowing back up the routing tree

that was formed as the queries propagated. After a brief introduction to

sensor networks in Section 2, the remainder of the paper discusses each

of these phases of ACQP: Section 3 covers our query language, Section

4 highlights optimization issues in power-sensitive environments, Sec-

tion 5 discusses query dissemination, and finally, Sections 6 discusses

our adaptive, power-sensitive model for query execution and result col-

lection.
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Figure 1: A query and results propagating through the network.

2. SENSOR NETWORK OVERVIEW

We begin with an overview of some recent sensor network deploy-

ments, and then discuss properties of sensors and sensor networks in

general, providing specific numbers from our experience with TinyOS

motes when possible.

In the past several years, the sensor network research community has

developed and engaged in real deployments of these devices, making it

possible to understand the data collection needs specific to the sensor

environment. As an example, consider recent environmental monitoring

deployments on Great Duck Island and James Reserve[37, 8]. In these

scenarios, motes collect light, temperature, humidity, and other environ-

mental properties. On Great Duck Island, off the coast of Maine, sensors

have been placed in the burrows of Storm Petrels, a kind of endangered

sea bird. Scientists plan to use them to monitor burrow occupancy and

the conditions surrounding burrows that are correlated with birds com-

ing or going. Other notable deployments that are underway include a

network for earthquake monitoring [45] and sensors for building infras-

tructure monitoring and control [31].1

Each of these scenarios involves a large number of devices that need

to last as long as possible with little or no human intervention. Placing

new sensors, or replacing or recharging batteries of devices in bird nests,

earthquake test sites, and heating and cooling ducts is time consuming

and expensive. Aside from the obvious advantages that a simple, declar-

ative language provides over hand-coded, embedded C, researchers are

particularly interested in TinyDB’s ability to acquire and deliver desired

data while conserving as much power as possible and satisfying desired

lifetime goals.

2.1 Properties of Sensor Devices

A sensor node is a battery-powered, wireless computer. Typically,

these nodes are physically small (a few cubic centimeters) and extremely

low power (a few tens of milliwatts versus tens of watts for a typical lap-

top computer)2. Power is of utmost importance. If used naively, individ-

1Even in indoor infrastructure monitoring settings, there is great interest
in battery powered devices, as running power wire can cost many dollars
per device.
2Recall that 1 Watt (a unit of power) corresponds to power consumption
of 1 Joule (a unit of energy) per second. We sometimes refer to the

ual sensor nodes will deplete their energy supplies in only a few days.

In contrast, if sensor nodes are very spartan about power consumption,

months or years of lifetime are possible. Mica motes, for example, when

operating at 2% duty cycle (between active and sleep modes) can achieve

lifetimes in the 6 month range on a pair of AA batteries. This duty cycle

limits the active time to 1.2 seconds per minute.

Mica motes have a 4Mhz, 8bit Atmel microprocessor. Their RFM

TR1000 radios run at 40 kbits/second over a single shared CSMA chan-

nel. Radio messages are variable size. Typically about 10 48-byte mes-

sages (the default size in TinyDB) can be delivered per second. Power

consumption tends to be dominated by radio communication. When

powered on, radios consume about as much power as the processor.

However, because communication is so slow, every bit of data transmit-

ted by the radio costs as much energy as executing 1000 CPU instruc-

tions. As an additional feature, motes have an external 32kHz clock that

the TinyOS operating system can synchronize with neighboring motes

+/- 1 ms to ensure that neighbors will be powered up and listening when

they wish to send a message[15].

Power consumption in sensors occurs in four phases, which we il-

lustrate in Figure 2 via an annotated capture of an oscilloscope display

showing current draw (which is proportional to power consumption) on

a Mica mote running TinyDB. In “Snoozing” mode, where the node

spends most of its time, the processor and radio are idle, waiting for

a timer to expire or external event to wake the device. When the de-

vice wakes it enters the “Processing” mode, which consumes an order of

magnitude more power than snooze mode, and where query results are

generated locally. The mote then switches to a “Processing and Receiv-

ing” mode, where results are collected from neighbors over the radio.

Finally, in the “Transmitting” mode, results for the query are delivered

by the local mote – the noisy signal during this period reflects switching

as the receiver goes off and the transmitter comes on and then cycles

back to a receiver-on, transmitter-off state.
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Figure 2: Phases of Power Consumption In TinyDB

2.2 Communication in Sensor Networks

Typical communication distances for low power wireless radios such

as those used in Mica motes and Bluetooth devices range from a few

feet to around 100 feet, depending on transmission power and environ-

mental conditions. Such short ranges mean that almost all real deploy-

ments must make use of multi-hop communication, where intermediate

nodes relay information for their peers. On Mica motes, all communi-

cation is broadcast. The operating system provides a software filter so

that messages can be addressed to a particular node, though if neigh-

bors are awake, they can still snoop on such messages (at no additional

energy cost since they’ve already transferred the decoded message from

the air.) Nodes receive per-message, link-level acknowledgments indi-

cating whether a message was received by the intended neighbor node.

No end-to-end acknowledgments are provided.

The requirement that sensor networks be low maintenance and easy

to deploy means that communication topologies must be automatically

discovered (i.e. ad-hoc) by the devices rather than fixed at the time of

current load of a sensor, because current is easy to measure directly;
note that power (in Watts) = current (in Amps) * voltage (in Volts), and
that Mica motes run at 3V.



TinyDB: Acquisitional Language

Allows specifying when and what to acquire
Support for “sliding windows” (“storage points”)
Supports aggregation (pushed down inside the network)
Event-based queries: polling not very efficient
Lifetime-based queries ?: Users specify the lifetime, the
query processors decides the frequency

network deployment. Typically, devices keep a short list of neighbors

who they have heard transmit recently, as well as some routing informa-

tion about the connectivity of those neighbors to the rest of the network.

To assist in making intelligent routing decisions, nodes associate a link

quality with each of their neighbors.

We describe the process of disseminating queries and collecting re-

sults in Section 5 below. As a basic primitive in these protocols, we use

a routing tree that allows a basestation at the root of the network to dis-

seminate a query and collect query results. This routing tree is formed

by forwarding a routing request (a query in TinyDB) from every node

in the network: the root sends a request, all child nodes that hear this

request process it and forward it on to their children, and so on, until the

entire network has heard the request. Each request contains a hop-count,

or level indicating the distance from the broadcaster to the root. To de-

termine their own level, nodes pick a parent node that is (by definition)

one level closer to the root than they are. This parent will be respon-

sible for forwarding the node’s (and its children’s) query results to the

basestation. We note that it is possible to have several routing trees if

nodes keep track of multiple parents. This can be used to support several

simultaneous queries with different roots. This type of communication

topology is common within the sensor network community [47].

3. ACQUISITIONAL QUERY LANGUAGE

In this section, we introduce our query language for ACQP focusing

on issues related to when and how often samples are acquired.3

3.1 Basic Language Features

Queries in TinyDB, as in SQL, consist of a SELECT-FROM-WHERE

clause supporting selection, join, projection, and aggregation. We also

include explicit support for sampling, windowing, and sub-queries via

materialization points. As is the case in the Cougar and TAG work

[41, 34], we view sensor data as a single table with one column per sen-

sor type. Tuples are appended to this table periodically, at well-defined

sample intervals that are a parameter of the query. The period of time

between each sample interval is known as an epoch. As we discuss in

Section 6, epochs provide a convenient mechanism for structuring com-

putation to minimize power consumption. Consider the query:

SELECT nodeid, light, temp
FROM sensors
SAMPLE INTERVAL 1s FOR 10s

This query specifies that each sensor should report its own id, light,

and temperature readings (contained in the virtual table sensors) once

per second for 10 seconds. Results of this query stream to the root of the

network in an online fashion, via the multi-hop topology, where they

may be logged or output to the user. The output consists of a sequence

of tuples, clustered into 1s time intervals. Each tuple includes a time

stamp corresponding to the time it was produced.

Note that the sensors table is (conceptually) an unbounded, con-

tinuous data stream of values; as is the case in other streaming and

online systems, certain blocking operations (such as sort and symmet-

ric join) are not allowed over such streams unless a bounded subset of

the stream, or window, is specified. Windows in TinyDB are defined as

fixed-size materialization points over the sensor streams. Such materi-

alization points accumulate a small buffer of data that may be used in

other queries. Consider, as an example:

CREATE
STORAGE POINT recentlight SIZE 8
AS (SELECT nodeid, light FROM sensors
SAMPLE INTERVAL 10s)

This statement provides a shared, local (i.e. single-node) location to

store a streaming view of recent data similar to materialization points in

3Our query language includes a number of other unusual features tai-
lored to the sensor network domain, such as the ability to log data for
later offline delivery and the ability to actuate physical hardware in re-
sponse to a query, which we will not discuss here.

other streaming systems like Aurora or STREAM [7, 39], or materialized

views in conventional databases. Joins are allowed between two storage

points on the same node, or between a storage point and the sensors

relation, in which case sensors is used as the outer relation in a nested-

loops join. That is, when a sensors tuple arrives, it is joined with

tuples in the storage point at its time of arrival. This is effectively a

landmark query [19] common in streaming systems. Consider, as an

example:

SELECT COUNT(*)
FROM sensors AS s, recentLight AS rl
WHERE rl.nodeid = s.nodeid
AND s.light < rl.light
SAMPLE INTERVAL 10s

This query outputs a stream of counts indicating the number of recent

light readings (from 0 to 8 samples in the past) that were brighter than the

current reading. In the event that a storage point and an outer query de-

liver data at different rates, a simple rate matching construct is provided

that allows interpolation between successive samples (if the outer query

is faster), or specification of aggregation function to combine multiple

rows (if the inner query is faster.) Space prevents a detailed description

of this mechanism here.

TinyDB also includes support for grouped aggregation queries. Ag-

gregation has the attractive property that it reduces the quantity of data

that must be transmitted through the network; other sensor network re-

search has noted that aggregation is perhaps the most common opera-

tion in the domain ([34, 27, 48]). TinyDB includes a mechanism for

user-defined aggregates and a metadata management system that sup-

ports optimizations over them, which we discuss in Section 4.1.

In addition to aggregates over values produced during the same sam-

ple interval (for an example, as in the COUNT query above), users want

to be able to perform temporal operations. For example, in a building

monitoring system for conference rooms, users may detect occupancy

by measuring maximum sound volume over time and reporting that vol-

ume periodically; for example, the query:

SELECT WINAVG(volume, 30s, 5s)
FROM sensors
SAMPLE INTERVAL 1s

will report the average volume over the last 30 seconds once every

5 seconds, sampling once per second. This is an example of a sliding-

window query common in many streaming systems [39, 19].

When a query is issued in TinyDB, it is assigned an identifier (id) that

is returned to the issuer. This identifier can be used to explicitly stop a

query via a “STOP QUERY id” command. Alternatively, queries can

be limited to run for a specific time period via a FOR clause (shown

above,) or can include a stopping condition as an event (see below.)

3.2 Event-Based Queries

As a variation on the continuous, polling based mechanisms for data

acquisition, TinyDB supports events as a mechanism for initiating data

collection. Events in TinyDB are generated explicitly, either by another

query or the operating system (in which case the code that generates the

event must have been compiled into the sensor node.) For example, the

query:

ON EVENT bird-detect(loc):
SELECT AVG(light), AVG(temp), event.loc
FROM sensors AS s
WHERE dist(s.loc, event.loc) < 10m
SAMPLE INTERVAL 2 s FOR 30 s

could be used to report the average light and temperature level at sen-

sors near a bird nest where a bird has just been detected. Every time

a bird-detect event occurs, the query is issued from the detecting

node and the average light and temperature are collected from nearby

nodes once every 2 seconds for 30 seconds.

Such events are central in ACQP, as they allow the system to be

dormant until some external conditions occurs, instead of continually

polling or blocking on an iterator waiting for some data to arrive. Since

most microprocessors include external interrupt lines than can wake a

sleeping device to begin processing, events can provide significant re-

network deployment. Typically, devices keep a short list of neighbors

who they have heard transmit recently, as well as some routing informa-

tion about the connectivity of those neighbors to the rest of the network.

To assist in making intelligent routing decisions, nodes associate a link

quality with each of their neighbors.

We describe the process of disseminating queries and collecting re-

sults in Section 5 below. As a basic primitive in these protocols, we use

a routing tree that allows a basestation at the root of the network to dis-

seminate a query and collect query results. This routing tree is formed

by forwarding a routing request (a query in TinyDB) from every node

in the network: the root sends a request, all child nodes that hear this

request process it and forward it on to their children, and so on, until the

entire network has heard the request. Each request contains a hop-count,

or level indicating the distance from the broadcaster to the root. To de-

termine their own level, nodes pick a parent node that is (by definition)

one level closer to the root than they are. This parent will be respon-

sible for forwarding the node’s (and its children’s) query results to the

basestation. We note that it is possible to have several routing trees if

nodes keep track of multiple parents. This can be used to support several

simultaneous queries with different roots. This type of communication

topology is common within the sensor network community [47].

3. ACQUISITIONAL QUERY LANGUAGE

In this section, we introduce our query language for ACQP focusing

on issues related to when and how often samples are acquired.3

3.1 Basic Language Features

Queries in TinyDB, as in SQL, consist of a SELECT-FROM-WHERE

clause supporting selection, join, projection, and aggregation. We also

include explicit support for sampling, windowing, and sub-queries via

materialization points. As is the case in the Cougar and TAG work

[41, 34], we view sensor data as a single table with one column per sen-

sor type. Tuples are appended to this table periodically, at well-defined

sample intervals that are a parameter of the query. The period of time

between each sample interval is known as an epoch. As we discuss in

Section 6, epochs provide a convenient mechanism for structuring com-

putation to minimize power consumption. Consider the query:

SELECT nodeid, light, temp
FROM sensors
SAMPLE INTERVAL 1s FOR 10s

This query specifies that each sensor should report its own id, light,

and temperature readings (contained in the virtual table sensors) once

per second for 10 seconds. Results of this query stream to the root of the

network in an online fashion, via the multi-hop topology, where they

may be logged or output to the user. The output consists of a sequence

of tuples, clustered into 1s time intervals. Each tuple includes a time

stamp corresponding to the time it was produced.

Note that the sensors table is (conceptually) an unbounded, con-

tinuous data stream of values; as is the case in other streaming and

online systems, certain blocking operations (such as sort and symmet-

ric join) are not allowed over such streams unless a bounded subset of

the stream, or window, is specified. Windows in TinyDB are defined as

fixed-size materialization points over the sensor streams. Such materi-

alization points accumulate a small buffer of data that may be used in

other queries. Consider, as an example:

CREATE
STORAGE POINT recentlight SIZE 8
AS (SELECT nodeid, light FROM sensors
SAMPLE INTERVAL 10s)

This statement provides a shared, local (i.e. single-node) location to

store a streaming view of recent data similar to materialization points in

3Our query language includes a number of other unusual features tai-
lored to the sensor network domain, such as the ability to log data for
later offline delivery and the ability to actuate physical hardware in re-
sponse to a query, which we will not discuss here.

other streaming systems like Aurora or STREAM [7, 39], or materialized

views in conventional databases. Joins are allowed between two storage

points on the same node, or between a storage point and the sensors

relation, in which case sensors is used as the outer relation in a nested-

loops join. That is, when a sensors tuple arrives, it is joined with

tuples in the storage point at its time of arrival. This is effectively a

landmark query [19] common in streaming systems. Consider, as an

example:

SELECT COUNT(*)
FROM sensors AS s, recentLight AS rl
WHERE rl.nodeid = s.nodeid
AND s.light < rl.light
SAMPLE INTERVAL 10s

This query outputs a stream of counts indicating the number of recent

light readings (from 0 to 8 samples in the past) that were brighter than the

current reading. In the event that a storage point and an outer query de-

liver data at different rates, a simple rate matching construct is provided

that allows interpolation between successive samples (if the outer query

is faster), or specification of aggregation function to combine multiple

rows (if the inner query is faster.) Space prevents a detailed description

of this mechanism here.

TinyDB also includes support for grouped aggregation queries. Ag-

gregation has the attractive property that it reduces the quantity of data

that must be transmitted through the network; other sensor network re-

search has noted that aggregation is perhaps the most common opera-

tion in the domain ([34, 27, 48]). TinyDB includes a mechanism for

user-defined aggregates and a metadata management system that sup-

ports optimizations over them, which we discuss in Section 4.1.

In addition to aggregates over values produced during the same sam-

ple interval (for an example, as in the COUNT query above), users want

to be able to perform temporal operations. For example, in a building

monitoring system for conference rooms, users may detect occupancy

by measuring maximum sound volume over time and reporting that vol-

ume periodically; for example, the query:

SELECT WINAVG(volume, 30s, 5s)
FROM sensors
SAMPLE INTERVAL 1s

will report the average volume over the last 30 seconds once every

5 seconds, sampling once per second. This is an example of a sliding-

window query common in many streaming systems [39, 19].

When a query is issued in TinyDB, it is assigned an identifier (id) that

is returned to the issuer. This identifier can be used to explicitly stop a

query via a “STOP QUERY id” command. Alternatively, queries can

be limited to run for a specific time period via a FOR clause (shown

above,) or can include a stopping condition as an event (see below.)

3.2 Event-Based Queries

As a variation on the continuous, polling based mechanisms for data

acquisition, TinyDB supports events as a mechanism for initiating data

collection. Events in TinyDB are generated explicitly, either by another

query or the operating system (in which case the code that generates the

event must have been compiled into the sensor node.) For example, the

query:

ON EVENT bird-detect(loc):
SELECT AVG(light), AVG(temp), event.loc
FROM sensors AS s
WHERE dist(s.loc, event.loc) < 10m
SAMPLE INTERVAL 2 s FOR 30 s

could be used to report the average light and temperature level at sen-

sors near a bird nest where a bird has just been detected. Every time

a bird-detect event occurs, the query is issued from the detecting

node and the average light and temperature are collected from nearby

nodes once every 2 seconds for 30 seconds.

Such events are central in ACQP, as they allow the system to be

dormant until some external conditions occurs, instead of continually

polling or blocking on an iterator waiting for some data to arrive. Since

most microprocessors include external interrupt lines than can wake a

sleeping device to begin processing, events can provide significant re-



TinyDB: Optimization

Maintain cost information about the sensors

Use rank ordering type algorithms to optimize the order
of acquisition

Event query batching
Many open optimization problems

For aggregates like min etc

Conditional Plans (Deshpande, Guestrin, Hellerstein,
Hong, Madden, ICDE 2005)

Acquire cheaper attributes to avoid sampling expensive
attributes



TinyDB: Aggregates

Processed by propogating “partial state” up the tree
Nature of aggregate determines the optimizations
Differentiating Dimensions:

duplicate sensitivity (min - not sensitive, avg - sensitive)
examplary (min) vs summary (avg)
monotonic (e.g. max)
“partial state required” (similar issues to one-pass vs
not-one-pass)

distributive (sum) vs algebraic (avg) vs holistic (median)
vs unique (no. of distinct elements) vs content-sensitive

Appearing in 5th Annual Symposium on Operating Systems Design and Implementation (OSDI). December, 2002. 5

MAX, MIN COUNT, SUM AVERAGE MEDIAN COUNT DISTINCT 4 HISTOGRAM 5 Section

Duplicate Sensitive No Yes Yes Yes No Yes Section 7.5

Exemplary (E), Summary (S) E S S E S S Section 6.2

Monotonic Yes Yes No No Yes No Section 4.2

Partial State Distributive Distributive Algebraic Holistic Unique Content-Sensitive Section 5.1

Table 1: Classes of aggregates

We classify aggregates according to four properties that

are particularly important to sensor networks. Table 1

shows how specific aggregation functions can be classi-

fied according to these properties, and indicates the sec-

tions of the paper where the various dimensions of the

classification are emphasized.

The first dimension is duplicate sensitivity. Duplicate in-

sensitive aggregates are unaffected by duplicate readings

from a single device while duplicate sensitive aggregates

will change when a duplicate reading is reported. Dupli-

cate sensitivity implies restrictions on network properties

and on certain optimizations, as described in Section 7.5.

Second, exemplary aggregates return one or more repre-

sentative values from the set of all values; summary ag-

gregates compute some property over all values. This

distinction is important because exemplary aggregates be-

have unpredictably in the face of loss, and, for the same

reason, are not amenable to sampling. Conversely, for

summary aggregates, the aggregate applied to a subset can

be treated as a robust approximation of the true aggregate

value, assuming that either the subset is chosen randomly,

or that the correlations in the subset can be accounted for

in the approximation logic.

Third, monotonic aggregates have the property that when

two partial state records, and , are combined via

, the resulting state record will have the prop-

erty that either or

. This is impor-

tant when determining whether some predicates (such as

HAVING) can be applied in network, before the final value

of the aggregate is known. Early predicate evaluation

saves messages by reducing the distance that partial state

records must flow up the aggregation tree.

The fourth dimension relates to the amount of state re-

quired for each partial state record. For example, a partial

AVERAGE record consists of a pair of values, while a par-

tial COUNT record constitutes only a single value. Though

TAG correctly computes any aggregate that conforms to

the specification of in Section 3 above, its performance

is inversely related to the amount of intermediate state re-

quired per aggregate. The first three categories of this di-

mension (e.g. distributive, algebraic, holistic) were ini-

tially presented in work on data-cubes [9].

In Distributive aggregates, the partial state is simply

the aggregate for the partition of data over which they

are computed. Hence the size of the partial state records

is the same as the size of the final aggregate.

In Algebraic aggregates, the partial state records are

not themselves aggregates for the partitions, but are of

constant size.

InHolistic aggregates, the partial state records are pro-

portional in size to the set of data in the partition. In

essence, for holistic aggregates no useful partial aggre-

gation can be done, and all the data must be brought

together to be aggregated by the evaluator.

Unique aggregates are similar to holistic aggregates,

except that the amount of state that must be propagated

is proportional to the number of distinct values in the

partition.

In Content-Sensitive aggregates, the partial state

records are proportional in size to some (perhaps sta-

tistical) property of the data values in the partition.

Many approximate aggregates proposed recently in

the database literature are content-sensitive. Exam-

ples of such aggregates include fixed-width histograms,

wavelets, and so on; see [3] for an overview of such

functions.

In summary, we have classified aggregates according to

their state requirements, tolerance of loss, duplicate sen-

sitivity, and monotonicity. We will refer back to this clas-

sification throughout the text, as these properties will de-

termine the applicability of communication optimizations

we present later. Understanding how aggregates fit into

these categories is a cross-cutting issue that is critical (and

useful) in many aspects of sensor data collection.

Note that our formulation of aggregate functions, com-

bined with this taxonomy, is flexible enough to encompass

a wide range of sophisticated operations. For example, we

have implemented (in the simulator described in Section

5 below), an isobar finding aggregate. This is a duplicate-

insensitive, summary,monotonic, content-sensitive aggre-

gate that builds a topological map representing discrete

bands of one attribute (light, for example) plotted against

two other attributes (x and y position in some local coor-

dinate space, for example.)

4The HISTOGRAM aggregate sorts sensor readings into fixed-width

buckets and returns the size of each bucket; it is content-sensitive be-

cause the number of buckets varies depending on how widely spaced

sensor readings are.
5COUNT DISTINCT returns the number of distinct values reported

across all motes.



TinyDB: Query/Result Dissemination

Standard approach:
Build a routing tree starting at the root
Use the tree to send messages back

Semantic routing trees
A form of index on constant attributes



Model-Driven Data Acquisition

VLDB 2004, Deshpande, Guestrin, Madden, Hellerstein,
Hong.

Incorporate a statistical model of the underlying physical
phenomenon in query processing
Needed to handle:

Noisy Data
Missing/incomplete data
Misrepresentation of data

More energy-efficient
Use spatio-temporal correlations to avoid acquiring data

Pre-cursor to the MauveDB work


