
MobiQuery: A Spatiotemporal Data Service for Sensor Networks

Chenyang Lu, Guoliang Xing, Octav Chipara, Chien-Liang Fok
Department of Computer Science and Engineering

Washington University in Saint Louis
Saint Louis, MO 63130

{lu, xing, ochipara, liang}@cse.wustl.edu

Abstract

Spatiotemporal query is a new type of data service that al-
lows a user to periodically gather information from a geo-
graphic area that moves with the user. A defining feature of
this new service model is that each query result is subject to
a set of spatiotemporal constraints in terms of response time,
data freshness, and changing locations of data sources due
to user mobility. We have developedMobiQuery to support
spatiotemporal query services in a wireless sensor network
environment. MobiQuery can work with in-network aggrega-
tion, energy conservation, and motion prediction techniques.
A novel just-in-time prefetching mechanism is employed to
provide spatiotemporal performance guarantees despite ex-
tremely low node duty cycles and unpredictable communica-
tion delays in sensor networks, while still achieving signifi-
cant energy conservation. We also provide theoretical analy-
sis and ns-2 simulation results which demonstrate the robust-
ness and efficiency of MobiQuery under a range of realistic
settings.

1. Introduction

As large-scale wireless sensor networks make it possible to
monitor physical environments at unprecedented spatial and
temporal granularities, a key research challenge is to develop
data services that deliver information to end users. Several
promising data services for sensor networks have been pro-
posed in the literature. For example, COUGAR [1], Directed
Diffusion [2], and TinyDB [3] allow a user to query (or sub-
scribe to) interesting events in a geographic area. More re-
cently, SEAD [4] and TTDD [5] were developed to improve
query performance when users are mobile. In this paper, we
propose a new data service for sensor networks calledspa-
tiotemporal query. In contrast to existing data services that
generally assume fixed areas of interest, spatiotemporal query
is motivated by a fundamental need of a mobile user to con-
tinuously gather information within his vicinity,i.e., a mov-
ing query area specified relative to the user’s current location.

For example, a firefighter fighting a wild fire may request a pe-
riodic update of a temperature map within one mile around his
location to maintain awareness of the fire condition. As the
firefighter moves, the query area and the sensors should re-
spond to the query change dynamically.

A defining feature of a spatiotemporal query is that each
query result is subject to a set of spatiotemporal constraints as-
sociated with user mobility, i.e., data needs to be served atthe
right time and also at the right location.

• Spatial constraints:The evolving query area constrains
the valid data sources contributing to the query result.
Specifically, only the nodes inside the current query area
should contribute to the current query result. At the same
time, it is desirable to aggregate data from as many nodes
as possible to improve the integrity of the query result.

• Temporal constraints:At the same time, a spatiotemporal
query is also subject to temporal constraints in terms of
delivery rateanddata freshness. A new query result must
be delivered to the user before the end of each query-
ing period. Furthermore, each query result must be ag-
gregated fromfreshsensor data, where the freshness con-
straint of a sensor datum is defined by its maximum va-
lidity interval after it is read from the sensor.

Meeting all the spatiotemporal constraints is crucial for
many critical sensor network applications that depend on real-
time context awareness. In the earlier example, a firefighter
may be endangered by a quickly moving fire if the query re-
sults are aggregated from old sensor readings, are delivered
too late or are aggregated from sources at wrong locations, or
if too few nodes in the current query area contribute to the re-
sults.

At the same time, spatiotemporal query services must facili-
tate energy conservation, a paramount concern in many sensor
network applications. For example, a structural health moni-
toring network on a bridge may require years of lifetime on
limited power supplies. Recent research has found that signif-
icant energy savings can be achieved by controlling node duty
cycles. In this approach, most nodes are scheduled to sleep (
i.e., turn off their radio interfaces) periodically, while a small
number of nodes remain active to maintain continuous service.
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Periodic sleep schedules have been supported by many exist-
ing energy conservation protocols [6, 7, 8, 9, 10].

Compared to traditional ad hoc networks, sensor networks
often require much lower duty cycles due to their significant
longer lifetime requirement [11]. For example, a MICA2 mote
[12] can last about 3 days when it is continuously on. For a
mote to remain operational for 5 years, the average duty cycle
needs to be0.17%. Thus, for every active time window of 25
milliseconds, the node needs to sleep for 15 seconds. Since a
sleeping node can only communicate in its active windows, in
this example the communication delay to a sleeping node may
range from a few milliseconds be more than 15 seconds. Ex-
tremely low duty cycle introduces a key challenge to meet the
constraints of spatiotemporal queries. In particular, thesleep-
ing nodes located in a query area need to contribute to the re-
sult in time despite the long and unpredictable communication
delays.

In this paper, we present a novel spatiotemporal query ser-
vice calledMobiQuery. MobiQuery meets stringent spatiotem-
poral constraints despite low duty cycles through a noveljust-
in-time prefetchingmechanism. A prefetch message is dissem-
inated to initiate query processing in a future query area be-
fore a user reaches it. A decision regarding when and where
the prefetch message should be forwarded is taken based on
the motion profileof the user, which may be generated from
user input or from motion predictors. An important advantage
of MobiQuery is that it can deal with imperfect motion pro-
files. In practice, a user may make an abrupt turn without no-
tifying MobiQuery in advance. Motion profiles generated by
history-based motion predictors usually lag behind actualmo-
tion changes. Due to the errors and delays in motion profiles,
it is undesirable to greedily push the prefetch message too far
ahead of the user. Greedy prefetching increases the network
overhead related to the dissemination, maintenance, and stor-
age of useless states in the nodes on the incorrectly predicted
path. Through just-in-time prefetching, MobiQuery controls
the distance between the prefetch message and the user in or-
der to limit the negative effects of incorrect motion prediction
without violating the spatiotemporal constraints.

The remainder of the paper is organized as follows. We first
formalize the spatiotemporal query model and assumptions.
We then present the detailed design of the MobiQuery archi-
tecture. Performance studies are then provided through both
theoretical analysis and ns-2 simulations. We conclude thepa-
per after a discussion on related work.

2. Problem Formulation

A spatiotemporal query consists of a mobile user traveling
through a sensor field periodically collecting data from allsen-
sors in a query area. A user initiates a spatiotemporal queryus-
ing the following interface:

issueQuery(attribute, F , A(Pu), Tperiod, Tfresh, Tduration)

attribute andF specify the query.attribute is the type of
sensor data being queried.F is an aggregation function that is
applied to the results prior to delivery. The in-network aggre-
gation function can be used to reduce bandwidth consumption
via in-network data aggregation — a well-investigated tech-
nique utilized by existing data services. Since MobiQuery ’s
primary contribution is providing spatiotemporal guarantees in
a sensor network environment, we do not focus further on data
aggregation in the rest of the paper.A(Pu) is a function defin-
ing the query area relative to the user’s positionPu. The query
area may span multiple hops.A(Pu) is a general function that
can return any spatial shape. For simplicity, however, we as-
sumeA(Pu) is a circle with radiusRq centered aroundPu in
the rest of the paper.

Tperiod andTfresh define the temporal constraints of the
spatiotemporal query.Tperiod specifies the rate at which the
user expects to receive query results. Query results must be
delivered to the user by the end of each period.Tfresh speci-
fies the maximum data age. That is, thekth result must be re-
ceived at or beforek·Tperiod, and the data in the result can be at
mostTfresh old. This is necessary because the value of a sen-
sor reading is often only useful when it is fresh. For example,
in the fire fighting scenario, it is not useful to know last hour’s
temperature. Finally,Tduration is the lifetime of the query. Af-
ter issuing a query, the user expects to receive query results ev-

ery Tperiod for the nextTduration seconds. Thus,
⌊

Tduration

Tperiod

⌋

results are returned for each spatiotemporal query.
We make several assumptions about the underlying sensor

network. First, all nodes have synchronized clocks. Second,
we assume each node knows its own location through a local-
ization service. Third, we assume the network runs an energy
conservation protocol that selects a small subset of nodes to re-
mainactivewhile the remaining nodes operate in a duty cycle.
The active nodes form abackbonenetwork that allows mes-
sages to still be delivered between two nodes in the network
with a latency in the order of one duty cycle. This assumption
can be met since it is provided by a number of existing energy
conservation protocols like SPAN [8], CCP [9], and GAF [13]
which work alongside energy-conserving MAC protocols in-
cluding SMAC [10], TMAC [14], and 802.11 PSM [15].

2.1. Motion Profile

MobiQuery relies on a motion profile to alert future query
areas of an impending query. There are two ways of generat-
ing motion profiles: user input and motion prediction.

User Input: The user populates the motion profile with a
sequence of motion vectors and times. In some scenarios, the
user may be able to accurately predict his motion. For exam-
ple, a user riding a train that travels a pre-defined route speci-
fied by the tracks can create the motion profile using the train
route and speed information. In other scenarios, such as hiking
primitive trails in a forest, motion may not be as predictable.
In this case, the user can only create a partial motion profile.
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When the user diverges from this motion profile, or when the
profile expires, a new profile must be created.

Motion Prediction : A motion profile can also be produced
using a motion prediction algorithm that relies on the recent
movement history to predict the future motion of the user [16].
A motion history may be obtained through GPS.

There are advantages and disadvantages to each approach.
The advantage of user input is that it allows the user to circum-
vent problems when the motion prediction changes by creat-
ing a new motion profile prior to the expiration of current mo-
tion prediction. The disadvantage is that it requires the user
to manually enter his motion prediction, which is often incon-
venient or infeasible. The history-based motion prediction ap-
proach can provide motion profiles transparently from the user,
but cannot take advantage of the user’s anticipation of the cur-
rent motion becoming invalid.

We assume motion profiles are specified by aprediction
eventthat is represented by the 5-tuple〈P, ts, Tv, tg, Ta〉,
where the relationship between the fields are shown in Fig-
ure 1.P is the predicted motion profile of the user, it takes the
the following form:

〈(−→v1 , t1), (−→v2 , t2), . . . , (−→vn, tn)〉

where,−→v i is the velocity of the user at timeti. The user is pre-
dicted to move along a straight line at a constant velocity dur-
ing the time interval[ti, ti+1). For simplicity, we assume the
user moves through a two dimensional space.ts is the start
time in which the prediction becomes active andTv is how
long the prediction is valid afterts, e.g., the user is predicted
to travel according toP during the interval[ts, ts + Tv]. tg is
the time when the motion profile is generated.Ta = ts − tg. It
represents how early MobiQuery received the prediction event
and is referred to as the prediction’sadvance time.
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Figure 1: The motion profile model.

The above prediction event can model both of the above
motion prediction schemes. For example, suppose the user in-
puts his motion profile periodically andTv equals the period of
the user input. In such a case,Ta is positive since the motion
profile is always available from the user prior to the current
motion profile expiring. If the motion profile is produced by
a motion prediction algorithm,Ta may be negative due to the
delay of motion estimation. That is, the motion profile within
[ts + Ta, ts] might have expired by the time the user receives
the prediction event.Ta depends on the characteristics of the
prediction algorithm.
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Figure 2: The architecture of MobiQuery (MobiQuery compo-
nents are highlighted in gray)

3. System Architecture

The architecture of MobiQuery , as shown in Figure 2, is
spread across two types of devices: a proxy, and nodes of the
sensor network. A proxy is a mobile device external to the
sensor network, such as a personal digital assistant or lap-
top. It is carried by the user as he moves through a sensor
field and opportunistically forms wireless links with sensors
in range. A user issues a spatiotemporal query through the
proxy’s query interface. The query interface passes the spec-
ification to a query processor, which appends a motion pro-
file, and passes the aggregate to the sensor network. The sen-
sor network then performs the spatiotemporal query, period-
ically producing results at certain locations based on the mo-
tion profile. A data collection component within the proxy col-
lects these results and passes them to the user via the query in-
terface.

In addition to the proxy, MobiQuery also operates on the
sensor network nodes. As shown in Figure 2, three MobiQuery
components reside on the sensor nodes. They include prefetch-
ing, query dissemination, and data collection. MobiQuery can
work with an energy conservation protocol that limits energy
consumption by configuring the nodes to operate on a duty cy-
cle, thereby extending network lifespan. The three components
are discussed briefly below.

• Prefetching. The low duty cycles of sensor network
nodes may result in poor data integrity due to sleep-
ing nodes missing the query. To account for this, Mo-
biQuery adopts aprefetchingmechanism that forewarns
nodes in future query areas allowing them to reconfigure
their sleep schedules and prepare the results in time.

• Query Dissemination.The query dissemination compo-
nent distributes the query to all nodes in each query area.
This is done by creating aquery treethat spans the en-
tire query area, including the sleeping nodes.

• Data Collection. The data collection component is re-
sponsible for aggregating the query result for delivery to
the user. When the data collection starts, all nodes in the
query area perform a sensor reading and deliver the re-
sult to their parent. Intermediate nodes collect data from
their children and send the aggregated data to their par-
ent. The data is eventually aggregated by the root of the
tree, which holds the data until the proxy arrives. When
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Figure 3: The prefetch message is anycasted to collector zones
ahead of the user.

the proxy arrives, it broadcasts a request asking for the
results, to which the root node responds with the aggre-
gated query result.

We now discuss each of these components in detail.

3.1. Prefetching

MobiQuery uses prefetching to notify future query areas
of an impending query as follows. The proxy first sends its
query specification including the motion profile to the net-
work. Next, the network uses the motion profile to predict a
location, calledpickup point, where the user expects to re-
ceive the next query result. The network then sends aprefetch
message with the query specification to the pickup point us-
ing an area anycast [17]. The network repeats predicting the
next pickup point and sending a prefetch message to it un-
til the query expires. This process is shown in Figure 3. An
area anycast is used since a node may not be located precisely
at the pickup point. It delivers the prefetch message to a node
in thecollector zonewhich is within a certain distance,Rp, of
the pickup point. Depending on the density of the sensor net-
work,Rp may vary. The node within the collector zone that re-
ceives the prefetch message is thecollector node. It is respon-
sible for distributing the specifications throughout the query
area and aggregating the results in time for delivery.

We now present two approaches, calledgreedyandjust-in-
timeprefetching, under the assumption of perfect motion pre-
diction. We then relax the assumption by showing how both
approach can be generalized to account for errors in motion
prediction.

3.1.1. Greedy Prefetching.In greedy prefetching, the proxy
sends a prefetch message to the first collector zone. Each col-
lector node forwards the prefetch message to the next collec-
tor node immediately after it receives the message. This pro-

cess continues until
⌊

Tduration

Tperiod

⌋

collector nodes have received

the prefetch message. All query trees along the user’s routeare
set up as soon as possible. One advantage of this approach is
it maximizes the slack time within each query area, allowing
them to better handle unpredictable communication delays.

However, greedy prefetching also has several key disad-
vantages. 1) An incorrect motion profile (e.g., due to an un-
predicted turn by the user) will result in the abandonment
of many pickup points and query trees built on the original
route. This leads to a waste of energy and bandwidth for for-
warding prefetch messages and setting up query trees in aban-
doned query areas. It also leaves useless states on the nodesin
those areas, which increases storage cost. 2) If the user moves
slowly, or the query frequency is high, adjacent query areas
will overlap. Since all trees are configured simultaneously, net-
work congestion may occur. 3)The collector node and nodes
on a query tree need to remember the query state (e.g., query
parameters and the parental information) until the data collec-
tion is complete. In greedy prefetching, a query tree may be
built long before the data collection, increasing memory over-
head.

3.1.2. Just-In-Time Prefetching. Just-in-time prefetch-
ing addresses many of the disadvantages of greedy prefetch-
ing. Like greedy prefetching, the proxy sends a prefetch mes-
sage to the first collector node, which forwards it to the
next collector node, and so on. However, instead of for-
warding the prefetch message immediately after it is re-
ceived, a collector node holds the message before deliver-
ing it just-in-time to the next collector node. Ideally, the
prefetch message should be forwarded at the latest pos-
sible time, such that the collector node can disseminate
the specification to all nodes in the query area, includ-
ing the sleeping nodes, for all the nodes to deliver the sen-
sor data back to the collector in time for delivery to the
proxy.

Just-in-time prefetching has several key advantages over
greedy prefetching:

• As described in Section 3.1.3, just-in-time prefetching
can potentially stop the creation of additional query trees
when the user unexpectedly changes direction.

• Just-in-time prefetching also reduces the likelihood of
multiple overlapping trees being formed concurrently, re-
ducing wireless contention. The impact of greedy and
just-in-time prefetching on network contention is for-
mally analyzed in Section 4.4.

• Finally, creating the trees just-in-time reduces memory
overhead since it reduces the amount of time for which
memory is consumed for storing query states. We for-
mally analyze the storage cost under greedy and just-in-
time prefetching in Section 4.2.

3.1.3. Handling Motion ChangesWhen the user changes
its motion prediction, the proxy issues a new prefetch message
based on a new motion profile. When just-in-time prefetch-
ing is used, the proxy can stop the previous prefetching pro-
cess by sending a cancel message to the next collector node
on the abandoned path. Similarly to greedy prefetching, each
collector node immediately relays the cancel message to the
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next one through area anycast until it reaches the furthest ex-
isting collector node. The cancel message prevents the node
from forwarding the prefetch message further. This cancel-
ing mechanism reduces the number of query trees set up
for an abandoned motion profile, and thereby saves energy,
bandwidth, and storage cost associated with an expected mo-
tion change. Unfortunately, this mechanism isnot effective
for greedy prefetching. Since greedy prefetching forwardsthe
prefetch message and creates query trees in an as-fast-as-
possible fashion, all (or most of) the query trees corresponding
to the abandoned motion profile may have already been cre-
ated by the time a motion change occurs. Moreover, the cancel
message may never be able to catch up with the prefetch mes-
sage in order to stop the prefetching process!

A collector node removes its query result and query states
when it receives a cancel message, or if it has not received a re-
quest for the query result from the proxy within a certain inter-
val after the expected time, which is based on the motion pro-
file.

Recall that the motion predictor provides motion events to
the proxy whenever the user inputs a new motion profile, or
when it detects an unpredicted change in movement. Occa-
sionally, the motion predictor may fail to deliver a new motion
profile before the current one expires. For example, a user may
forget to input a new profile. To account for this, the proxy au-
tomatically renews the current motion profileT ′

a seconds be-
fore the current profile expires. This extends the current di-
rection and speed of the user until the predictor issues a mo-
tion event. Once the motion predictor issues a motion event,
the new motion profile immediately overrides the old one. Fig-
ure 4 depicts the timing parameters of two motion profiles in-
cluding a renewed profile. The black boxes are valid intervals
of a motion profile, while the gray box represents a renewed
motion profile composed by the proxy. Note that the valid in-
terval of the second motion profile ([ts2, ts2 + Tv2]) overlaps
with the renewed profile, and overrides part of the renewed
motion profile.
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Figure 4: The renewing motion profile from the proxy.

A spatiotemporal query is effective immediately upon be-
ing issued. Since many nodes operate on low duty cycles, it
may not be possible to notify them of the query fast enough
to meet the first few deadlines. Thus, the first few queries af-
ter a new motion profile is issued may suffer from poor data in-
tegrity. This duration is called thewarmup interval. Its length
is analytically determined in section 4.

3.2. Query Dissemination

The query dissemination phase is responsible for distribut-
ing the query specification to all nodes in the query area, and
to build a tree so that the query results can be efficiently routed
back to the collector. The tree-building algorithm used by Mo-
biQuery is as follows. Upon receiving the prefetch message,
the collector delivers setup messages containing the query
specification to all the nodes in the query area using a sim-
ple flooding technique where the message is repeatedly broad-
cast by backbone nodes further and further away from the col-
lector node until it reaches the border of the query area. While
flooding the query area, each backbone node remembers the
first node from which it received the setup message as its par-
ent and replies with an acknowledgement. The backbone nodes
deliver the setup message to the sleeping nodes when they
wake up (e.g., using 802.11 PSM). Upon receiving the speci-
fication, the sleeping nodes remember and acknowledge their
parents, and reconfigure their sleep schedule to wake up justin
time to contribute to the query. The process of selecting when
to wake up is based on distance from the collector, and is cov-
ered in the next subsection on data collection. Once the sleep-
ing nodes have been notified of the query, the result is a tree
spanning the query area where the root is the collector node,
all branches are composed of backbone nodes, sleeping nodes
are leafs, and all parents know their children.

Sleeping nodes are purposely restricted to be leaves to al-
low them to quickly go back to sleep after performing a sin-
gle sensor reading and transmission. This minimizes their en-
ergy consumption, and avoids problems that arise if they serve
as a parent node. Specifically, if a sleeping node was allowed
to be a parent node, it would have to remain awake in order to
receive results from its children, and might also introducesig-
nificant delay to data collection process if it fails to wake up in
time.

Note that MobiQuery utilizes a simple and efficient tree-
building algorithm. More sophisticated algorithms were used
by other data services such as TinyDB [18] and Directed Dif-
fusion [2] to improve the quality of query trees. However, the
user in these models remains stationary and queries the same
tree numerous times justifying the greater overhead of build-
ing a more efficient tree. In contrast, MobiQuery consists ofa
mobile user who queries a tree at most once making it hard to
justify using a more sophisticated tree-building algorithm.

3.3. Data Collection

Data collection is the process by which the nodes in the
query area perform a sensor reading, and send their results
through the tree back to the collector node. The earliest time
any node can perform a sensor measurement for the query is
Tfresh before the deadline. Thus, data collection must take
less thanTfresh seconds to complete. A simple but naı̈ve so-
lution is to have all nodes wake up, perform a measurement,
and transmit the results to their parentTfresh before the dead-
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line. The problem with this approach is that it will most likely
result in network congestion and poor data integrity.

MobiQuery reduces contention by having each parent wait
for their children before forwarding the data. This enablesin-
network data aggregation since a parent can send aggregated
information after receiving data from all its children. By aggre-
gating the data at each hop, fewer messages need to be sent,
thus reducing contention. Furthermore, a parent will never
send results at the same time as their children, further reduc-
ing contention. Once a parent receives data from all its chil-
dren, it can immediately aggregate the data and send it to its
parent. But what happens when a child fails to respond? This
may happen for any number of reasons including an unreliable
wireless network, contention, or loss of battery power. To ad-
dress this, a parent times out at a sub-deadline and deliversthe
results regardless of whether all children have responded.This
sub-deadline must be chosen so the results can still be deliv-
ered to the collector in time.

MobiQuery employs the following heuristic to assign sub-
deadlines. After receiving asetupmessage nodeu sets its
deadline tok · Tperiod − Tfresh and re-broadcasts thesetup
message. A node receiving this message setsu as its parent
and sends back an acknowledgement. Onceu determines it
has at least one child, it changes its deadline to thelatestdead-
line ensuring the child node has enough time to gather and
report its measured data. The latest deadline is calculatedac-
cording to the Euclidean distance betweenu and the the root
of the tree, using the root location included in thesetupmes-
sage. According to Section 3.1, a collector node always re-
sides withinRp range of a pickup point and hence the maxi-
mum distance between the collector node and any node in the
query area isRp + Rq. The latest deadline of nodeu, denoted
by du, is:

du = k · Tperiod −
|up|

Rp + Rq

· Tfresh (1)

wherep and |up| represent the pickup point and the distance
between nodeu and pointp, respectively. The further a node is
from the pickup point, the quicker it will timeout and forward
the result to its parent. This sub-deadline assignment scheme
increases the likelihood of delivering query results to theuser
in time, potentially at the cost of lower data integrity.

4. Analysis

In this section, we first derive an appropriate prefetch for-
warding time for just-in-time prefetching, which is a key de-
sign parameter for MobiQuery to meet spatiotemporal con-
straints. We then analyze the duration of the warmup interval
and the storage cost of a spatiotemporal query. Finally the im-
pact of greedy/just-in-time prefetching on network contention
is discussed.

4.1. Prefetch Forwarding Time

In a spatiotemporal query, the collector node must receive
the prefetch message early enough to ensure that the query dis-
semination and data collection can complete before the query
deadline. The time at which the prefetch message should be
forwarded to the next pickup point such that the temporal con-
straints are met is defined as theprefetch forwarding time. The
prefetch forwarding time depends on the delays involved in
performing query dissemination and data collection at a pickup
point. We first analyze the worst-case delays incurred by the
query dissemination and data collection. We then derive an up-
per bound on the prefetch forwarding time.

In the derivation of the prefetch forwarding time we make
use of two assumptions:

A.1 Tcollect ≤ Tfresh, whereTcollect is the maximum time
it takes a node on a query tree to send its query result
to the collector node. This condition is necessary for any
service to meet both the freshness and the deadline con-
straints. We note thatTcollect ≤ Tfresh is enforced by
MobiQuery through the sub-deadline scheme during data
collection as discussed in Section 3.3.

A.2 vuser < vprefetch, wherevuser and vprefetch denote
the speed of the user and the prefetech message, respec-
tively. We define the speed of the prefetch message sent
from a source nodeu to a destination nodev, denoted
by vprefetch, as the ratio of the Euclidean distance be-
tweenu andv and the communication delay between the
two nodes. Intuitively, this assumption is necessary for
the network to be able to catch up with the user.

Let’s consider the delivery of a prefetch message from the
(k − 1)th collector node to thekth collector node. The goal is
to derive the timetk when the(k − 1)th collector node should
send the prefetch message to thekth collector node. Lett′k be
the latest time by when thekth collector node should receive
the prefetch message in order to meet the deadline of thekth

query. Upon receiving the prefetch message, the node needs to
perform two tasks: to set up the tree and to collect the data. Let
Ttree be the time it takes to set up the tree. The total amount of
work that a node has to do in order to deliver a query result is
Ttree +Tcollect. Consequently, the bound on the time by when
the message should be received bykth node is:

t′k ≤ k · Tperiod − Ttree − Tcollect (2)

We approximate the location of every collector node with
that of the corresponding pickup point. Then the time it takes
for the prefetch message to be transmitted between the two
considered collector nodes isvuser·Tperiod

vprefetch
. Based on the as-

sumption A.2, we know that vuser

vprefetch
< 1. Thus, we can up-

per bound the time it takes to relay the prefetch message by
Tperiod. To guarantee that thekth collector node can receive
the prefetch message beforet′k, the following inequality must
be satisfied:
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tk ≤ t′k − Tperiod (3)

Considering (2) and (3), we can derive an upper bound on
the time when the prefetch message should be sent by the(k−
1)th delivery point:

tk ≤ t′k − Tperiod ≤ (k − 1) · Tperiod − Ttree − Tcollect (4)

Based on the first assumption we know that the time it takes
to collect the data is upper bounded byTfresh. Furthermore,
the time it takes to set up the treeTtree is upper bounded by
the communication cost to set up the treeTsetup plus a maxi-
mum delayTsleep due to the duty cycle. Accordingly, in Mo-
biQuery a collector node computes the forwarding time using
the following formula:

tk ≤ (k − 1) · Tperiod − Tsleep − Tsetup − Tfresh (5)

In (5) all quantities are known to the user except forTsetup.
SinceTsetup is the time it takes to set up the tree,Tsetup is af-
fected by several factors: the size of the query area, the onehop
communication delay, and the contention level. For our exper-
iments we assume thatTsetup ≈ Tcollect ≤ Tfresh. We made
this assumption because of the similarities between the data
dissemination and data collection processes: both exchange
messages within the same query area and involve the same
nodes. This assumption is reasonable because in the case of
data collection, nodes must wait for the data to be delivered
by their children to produce aggregates while the tree setup
process does not require any synchronization. During the tree
setup the query is disseminated as soon as possible. Thus, from
the assumptionTsetup ≈ Tcollect ≤ Tfresh and (5) we have:

tk ≤ (k − 1) · Tperiod − Tsleep − 2 · Tfresh (6)

We settk to the upper bound in (6) in the implementation
of MobiQuery .

4.2. Storage Cost

In this section, we compare the storage costs of a spa-
tiotemporal query under greedy prefetching and just-in-time
prefetching. Intuitively, the information related to a spatiotem-
poral query that the network needs to remember is proportional
to the total number of query trees ahead of the user. We re-
fer to this number asprefetch length (PL)in the rest of pa-
per. The storage cost of a query is roughly equal to the prod-
uct of PL and the storage cost of a query tree which includes
the parental information and parameters of the query (see Sec-
tion 2). Since the storage cost of a query tree is fixed for a given
query, we focus on the analysis of PL in the rest of this sec-
tion.

We first derive PL under greedy prefetching and just-in-
time prefetching when the user moves at a constant velocity

vuser. Under greedy prefetching, the number of query trees
that are set up ahead of the user during an interval oft, de-
noted byPLgp(t), is as follows:

PLgp(t) =

⌊

(vprefetch − vuser) · t

vuser · Tperiod

⌋

=

⌊

(
vprefetch

vuser
− 1) · t

Tperiod

⌋

(7)

We can see from (7) that the storage cost of greedy prefetch-
ing increases with the speed ratio of the user and the prefetch
message. Furthermore, the storage cost is proportional to the
duration of the query. We now derive PL under just-in-time
prefetching. Lettk represent the time instance when the(k −
1)th collector node forwards the prefetch message. Attk,

the user is traveling between pickup points
⌊

tk

Tperiod

⌋

and
⌊

tk

Tperiod

⌋

+ 1. Hence all the query trees between
⌊

tk

Tperiod

⌋

th

andkth have been set up. Whentk takes the upper bound in (6)
(as in the implementation of MobiQuery ), the prefetch length
of just-in-time prefetching, denoted byPLjit, satisfies the fol-
lowing equation:

PLjit = k −

⌊

tk
Tperiod

⌋

= k −

⌊

k − 1 −
Tsleep + 2 · Tfresh

Tperiod

⌋

=

⌈

Tsleep + 2 · Tfresh

Tperiod

⌉

+ 1 (8)

We can see that the prefetch length of just-in-time prefetch-
ing is constant for given query parameters. From (7) and (8),
it can be easily seen thatPLjit is smaller thanPLgp when the
duration of a query exceeds a thresholdt∗. We have (the round-
ing in (7) and (8) are ignored):

t∗ =
Tsleep + 2 · Tfresh + Tperiod

vprefetch

vuser
− 1

(9)

We can see from (9) that whenvprefetch ≫ vuser, t∗ is
small. This property of just-in-time prefetching is preferable
since the memory resource of sensor nodes is highly con-
strained.

When the user changes its motion during a query, the
prefetch length of MobiQuery can be analyzed similarly by
applying the above derivations to every period of the user’s
movement with constant velocity. As discussed in Section
3.1.3, greedy prefetching incurs a much higher memory cost
than just-in-time prefetching even when a cancel mechanism
is employed.

4.3. The Warmup Interval

¿From the discussion in Section 4.1, we can see that the ef-
ficiency of just-in-time prefetching relies on the correctness of
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Figure 5: Temporal behavior of the prefetch message

the motion prediction. When the proxy is not forewarned about
a motion change MobiQuery may transiently exhibit poor data
integrity. This may occur in the case when the user inputs a
change in the motion profile too late, or when the motion pre-
diction algorithm updated the motion profile a certain interval
after the motion change occurs. We refer to this transient in-
terval caused by the late acknowledgement of a motion file as
warmup interval. In this section we derive a bound on the
warmup interval, denoted byTwarmup. This bound quantifies
the tolerance of our system to errors in motion profile.

A collector node may detect that it has received a message
too late i.e., inequality (6) does not hold. In this case, Mobi-
Query attempts to catch up by forwarding the prefetch mes-
sage as soon as possible. Since the speed of the message is
higher than that of the user it is guaranteed that eventuallyin-
equality (6) will hold. During this catchup phase, MobiQuery
uses greedy prefetching.

Suppose the proxy receives a motion profile with an ad-
vance timeta. The motion profile starts being valid atts. We
approximate the position of the collector nodes by the position
of the pickup points. Letpk denote the position ofkth pickup
point as computed according to the motion profile. As shown
in Figure 5, the earliest time that the collector node can send
the prefetch message is when it receives the motion profile.
The user needs to travel a distance ofvuser · (k ·Tperiod + Ta)
to reachpk. Then, the time required for the prefetch message
to reach thekth pickup point,Tp, can be expressed as follows:

Tp =
vuser · (k · Tperiod + Ta)

vprefetch

(10)

To meet the deadline ofpk, the time taken by the user to
reachpk must be longer than the time taken to receive the
prefetch message atpk, set up the query tree and perform the
data collection. Thus the following inequality must hold:

k · Tperiod + Ta ≥ Tp + Ttree + Tfresh (11)

Solvingk using (11) and (10):

k ≥
Ttree + Tfresh − (1 − vuser

vprefetch
) · Ta

Tperiod ·
(

1 − vuser

vprefetch

) (12)

k in (12) represents the upper bound on the number of
queries that cannot meet the spatiotemporal constraints.
Thus, the warmup interval lasts the first⌊k⌋ query peri-
ods andTwarmup = Tperiod · ⌊k⌋. The warmup interval be-
comes zero whenTa = (Tfresh + Ttree)/(1 − vuser

vprefetch
).

That is, when the motion of the user can be predicted

early enough, the spatiotemporal queries do not incur any
warmup interval. This result is also helpful for select-
ing the appropriate motion prediction scheme for the system
to meet the spatiotemporal constraints of queries. The num-
ber of queries in the warmup interval reaches the minimum
(Ttree + Tfresh − Ta)/Tperiod, when vprefetch/vuser ap-
proaches infinity.

Fig. 6 shows the warmup interval normalized to the query
periodTperiod versus thevprefetch

vuser
. BothTsetup andTfresh are

set toTperiod/2 and the sleep periodTsleep is set to2 ·Tperiod.
We can see that, asvprefetch approachesvuser , the duration
of the warmup interval approaches infinity. This conforms to
the intuition that the sleeping nodes in a query area may not
be woken up before the user issues the query if the prefetch
message travels very slowly.

At the beginning of a spatiotemporal query session, the
proxy receives a motion profile from the motion predictor with
zero advance timeTa, generation timeTg and start timeTs.
In such a case, the number of queries in the warmup interval
(from (12)) is:

k ≥
Ttree + Tfresh

Tperiod ·
(

1 − vuser

vprefetch

) (13)
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4.4. Network Contention

When the user moves slowly or the query frequency is high,
adjacent query areas may overlap resulting in a high level of
contention. Consequently, a query may suffer from packet loss
or missed deadlines. In this section, we analyze the cause of
network contention and show that the just-in-time prefetch-
ing scheme presented in Section 3.1 can reduce network con-
tention by scheduling the setup times of different query trees
just in time.

Fig. 7(a) and (b) illustrate the network traffic of the two
prefetching mechanisms during the setup of query trees. The
sleep schedule shown conforms to IEEE 802.11 PSM with the

8



ATIM
 AT


Sleep Period


setup
 i
  i+1


T

Period


ATIM
 AT


Sleep Period


i+n


 i+2


i+1


(a) Just-In-Time Prefetching


(b) Greedy Prefetching


ATIM
 AT


ATIM
 AT


Low congestion


High congestion

setup i


Figure 7: Network Traffic in Creating Query Trees

extensions from [8]. A packet addressed to an active node can
be sent immediately. On the other hand, a packet addressed to
a sleeping node must be advertised by the sender inside the
advertisement(ATIM) window before it is sent inside thead-
vertised traffic(AT) window. A sleeping node turns its radio
on at the beginning of the ATIM window and turns the radio
off after receiving all the advertised traffic addressed to it in-
side the AT window. Hereafter, we refer to both the ATIM and
AT windows as theactivewindow without distinction, unless
it is stated otherwise.

The channel is subject to significant contention when query
trees are set up because communication with sleeping nodes
must occur within short active windows. In contrast, the data
collection process introduces less contention because allnodes
are scheduled to wake up for data collection. Henceforth, we
focus on analyzing the network contention caused by the tree
setup process.

R
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Figure 8: Two trees in two query areas may interfere with each
other

We now consider the necessary conditions for two query
trees to interfere with each other. First, the query trees must be
located close to each other spatially. We approximate the posi-
tion of the collector nodes by the position of the pickup points.
Since the radius of a query area isRq, as shown in Fig. 8, the
Euclidean distance between the roots of the two trees must be
less than2Rq+Rc. The shaded region in Fig. 8 depicts the con-
tention area of two nodes in two query areas. Secondly, parts

of the set up processes of two query trees must occur concur-
rently. To quantify the level of contention, we defineoverlap-
ping factoras the maximal number of query trees that overlap
both spatially and temporally. A query tree is considered to
overlap with itself, i.e., the overlapping factor is at least one.
Clearly, a higher overlapping factor indicates a higher level of
contention.

The number of query trees that overlap spatially, denoted
by Ms, remains the same for both prefetching schemes, since
it only depends on the locations of pickup points.

For simplicity, we assume the user moves on a straight line
in the rest of this section. Since the user issues a query every
Tperiods, the roots of the query trees align spatially at an in-
terval of vuser · Tperiod on the route of the user. Note that a
tree may interfere with the adjacent trees within a distanceof
2Rq + Rc in two different directions. Thus,Ms satisfies the
following inequality:

Ms ≤

⌈

4Rq + 2Rc

vuser · Tperiod

⌉

(14)

Let Mt−JIT and Mt−GP represent the upper bounds on
the number of query trees that overlap temporally for just-
in-time and greedy prefetching, respectively. Under greedy
prefetching, the time taken for a prefetch message to travel
between two consecutive pickup points is∆t = vuser ·
Tperiod/vprefetch. That is, query trees are set up at an inter-
val of ∆t. Hence the maximum number of query trees whose
setup proecesses overlap temporally is:

Mt−GP ≤

⌈

Ttree

∆t

⌉

=

⌈

Ttree · vprefetch

Tperiod · vuser

⌉

(15)

whereTtree is the time taken to set up a query tree, as de-
fined in Section 4.1. Hence the overlapping factor of greedy
prefetching (denoted byMGP ) is as follows:

MGP = min(Mt−GP ,Ms) (16)

In the steady state of just-in-time prefetching, as dis-
cussed in Section 4.1, the query trees are set up with an inter-
val of Tperiod. Hence the maximum number of trees whose
setup processes overlap temporally, denoted byMt−JIT ,

is
⌈

Ttree

Tperiod

⌉

. Thus the overlapping factor of just-in-time

prefetching (denoted byMJIT ) can be derived as fol-
lows:

MJIT = min(Mt−JIT ,Ms) (17)

Sincevprefetch > vuser (assumption A.2 in Section 4.1),
we can see thatMt−JIT > Mt−GP . According to (16) and
(17),MJIT ≤ MGP .

According to (14)-(17), the following cases can be derived
about the relationship betweenMGP andMJIT (the round-
ings in the expressions ofMt−GP , Mt−JIT andMs are ig-
nored):
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Case 1:MJIT = Ms = MGP , whenvprefetch > vuser >
2Rc+4Rq

Ttree
.

Case 2: MJIT = Mt−JIT < Ms = MGP , when
vprefetch >

2Rc+4Rq

Ttree
> vuser .

Case 3: MJIT = Mt−JIT < Mt−GP = MGP , when
2Rc+4Rq

Ttree
> vprefetch > vuser .

We can see that the overlapping factor of just-in-time
prefetching is smaller than that of greedy prefetching
as long as the user speed remains below the thresh-
old (2Rc + 4Rq)/Ttree. This conforms to the intuition
that when the speed of the user is high, the prefetch mes-
sages under just-in-time prefetching must be relayed by
collector nodes very quickly, resulting in a behavior simi-
lar to greedy prefetching, where the prefetch messages are
always relayed as fast as possible.

5. Simulation Results

We implemented MobiQuery on top of Coverage Configu-
ration Protocol (CCP) and IEEE802.11 Power Saving Mode
(PSM) with the extension from [8] in the ns2 simulator. In this
section, we present the simulation results.

5.1. Metrics

The performance metrics we used are as follows:

• Data Integrity : the ratio between the number of nodes
that contribute to a query result and the total number of
nodes in a query area. Data integrity represents how well
the spatial constraints of queries are met.

• Slack Time: the difference between query deadline and
the time instance at which a query result is received by
the user. A negative slack time indicates a violation of the
temporal constraints of queries. Due to the sub-deadline
scheme discussed in Section 3.3, most of the query re-
sults meet deadlines.

• Percentage of Successful Queries (PSQ): the percent-
age of the results that meet deadlines and have data in-
tegrity higher than a threshold. PSQ indicates the over-
all quality of service received by the user. The threshold
of data integrity is95% in all simulations.

• Energy Consumption: We measure the average energy
consumption per sleeping node during a spatiotemporal
query.

5.2. Experimental Settings

In all simulations,200 nodes are randomly distributed in
a 450m × 450m rectangular area. The Coverage Configura-
tion Protocol (CCP) is run to choose a small number of active

nodes to maintain sensing coverage over the deployment re-
gion. We note that MobiQuery can also work with other en-
ergy conservation protocols that control node duty cycles.We
set the communication range and sensing range of the network
to 105m and50m in all ns2 simulations. The radius of a query
area is150m. Under these settings, query trees set up during
query dissemination have about2 ∼ 4 levels. The ATIM and
AT windows in IEEE 802.11 are set to100ms and500ms, re-
spectively. The network sleep period varies from3s to 15s,
which results in duty cycles of20% to 4% for sleeping nodes.

At the beginning of each simulation, the user starts from
a corner of the query area and moves in a random direction
with a speed randomly chosen from the range[vmin, vmax].
The user may change its direction and choose a new speed
from [vmin, vmax] during its movement. Three speed ranges,
3 ∼ 5m/s, 6 ∼ 10m/s and16 ∼ 20m/s, corresponding to
the speed of a walking human, a running human and a vehi-
cle with moderate speed, respectively are used in the simula-
tions. If the user hits the boundary of the deployment region
before a simulation ends, it changes the movement direction
toward a random point within the region.

Area anycast is implemented based on the greedy forward-
ing routing algorithm to deliver prefetch messages. A node al-
ways forwards a prefetch message to the neighbor that has the
closest Euclidean distance to the pickup point. If a node cannot
find a neighbor closer to the pickup point than itself, it thenac-
cepts the prefetch message and serves as the collector node of
the query if its distance to the pickup point is shorter thanRq.
We note that anycast can be implemented using more com-
plex geographic routing algorithms like GPSR [19] that can
handle routing voids and hence improve the ratio of success-
ful queries. Tab. 1 summarizes our experimental settings.

5.3. Performance under Accurate Motion Profiles

In this section, we evaluate the impact of user mobility and
network sleep schedule on the performance of MobiQuery . In
the simulations, the user changes its direction and speed ev-
ery 50 seconds and the user inputs its complete motion pro-
file to the proxy at the beginning of each simulation. The cases
where the proxy has only limited knowledge about the user’s
motion will be evaluated in Sections 5.4. The total time of each
simulation is400s.

For performance comparison, we implemented a baseline
algorithm calledNo-Prefetching (NP). In NP, the user broad-
casts a query to the network at the beginning of each query pe-
riod and requires the query results by the end of the same pe-
riod. The remaining operations are the same as MobiQuery ex-
cept that the user, instead of the collector node, serves as the
root of the query tree in each query area.

Fig 9 shows the percentage of successful queries of Mo-
biQuery and NP under different network sleep schedules and
user speeds. The results are averages over 3 runs with different
network topologies. The implementations of MobiQuery with
greedy prefetching and just-in-time prefetching are denoted as
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Parameter Rc Topology ATIM Window AT Window Query Period Query Freshness Rq

Value 110m 450 × 450m 100ms 500ms 2s 1s Rc

Table 1: Experimental Settings

Percentage of Successful Queries (PSQ)

MQ-JIT

MQ-GP

NP

1512963

Sleep Period (second)

16~20
6~10

3~5
User Speed Range (m/s)
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Figure 9: Performance Comparison between MobiQuery and
Baseline Algorithms

MQ-GP and MQ-JIT respectively, in the figure. The PSQ un-
der MQ-JIT achieves near100% in all settings, even when the
sleeping period is as long as 15 sec,i.e., 7.5 times the query pe-
riod. The PSQ of MQ-GP reaches about90% when sleep pe-
riod is less than9s and decreases when sleep period becomes
longer. In sharp contrast, the PSQ of NP remains below35%
in all settings. NP’s performance degrades when the sleep pe-
riod increases. This result clearly indicates that prefetching is
crucial and highly effective to meet spatiotemporal constraints
in sensor networks with low duty cycles.

Interestingly, MQ-GP performsworse than MQ-JIT, de-
spite the fact that MQ-GP sets up more pickup points more
quickly. As discussed in Section 4.4, the number of query
trees that are set up concurrently under greedy prefetching
is large, resulting in high network congestion. Consequently,
some sleeping nodes may not be woken up due to the loss of
setupmessages, which impairs the data integrity of queries.
When the sleep period is longer, as discussed in Section 4.4,
the network congestion becomes worse since more packets
need to be sent to the sleeping nodes within the active win-
dow. Greedy prefetching performs slightly better when the
user moves faster since the adjacent query areas become fur-
ther apart, resulting in lower network congestion.

To examine the dynamic behavior of just-in-time prefetch-
ing and greedy prefetching, we plot the data integrity and slack
time of MobiQuery at each pickup point in Fig. 10 and 11,
respectively. The sleep period is15s in all simulations. The
speed range of the user is3 ∼ 5m/s. As shown in Fig. 10, both
implementations of MobiQuery suffer from an initial warmup
phase in which about 5 queries have relatively low data in-
tegrity. This result is consistent with the worst-case analysis of
warmup interval presented in Section 4.3. After the warmup
phase, MQ-JIT achieves a data integrity of100% in most query

periods.
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Figure 10: Data Integrity of Greedy/JIT Prefetching
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In contrast, the data integrity of MQ-GP incurs significant
fluctuation due to packet loss caused by network congestion.
Since the query period in the simulations is relatively short
(two seconds), the consecutive query areas share a number of
nodes. Hence, the query trees of adjacent query areas were set
up roughly at the same time, resulting in high congestion. The
fluctuation of the data integrity decreases over time since net-
work congestion becomes less severe after the setup of some
query trees is completed.

Fig. 11 shows the slack time of MobiQuery with different
prefetching schemes. We see that, consistent with the result on
data integrity shown in Fig. 10, the slack time of the queries
has high fluctuation when greedy prefetching is used. There
are two reasons for the fluctuation: 1) If the setup message
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broadcast by the root node of a query tree is lost due to col-
lisions, the resulting tree will have only the collector node. In
such a case, both data integrity and slack time of the query ap-
proaches zero. This is because the collector node is unaware
of the loss of thesetupmessage and waits until the end of the
query period before delivering its sensor data to the user. The
results of the20th, 60th and82th results correspond to this
case. 2) If a result message from a node is lost, the parent of
the node will incur a delay waiting for the lost result. In such
a case, although the slack time of a query is small, the data
integrity may still be high. The results of the22th and29th

queries correspond to this case. Note that most of the queries
met their deadlines due to the timeout mechanism presented in
Section 3.3.

On the other hand, MQ-JIT has a much smaller fluctuation
in slack time since the network congestion is moderate. How-
ever, several queries have relatively small slack times (about
0.4 ∼ 0.5s), compared to other queries that achieve much
longer slack times. Such delays are caused by the network con-
tention inside the active windows of the sleep schedule.

5.4. Effects of Imperfect Motion Prediction

Information about the user’s future movement is important
for MobiQuery in order to meet the spatiotemporal constraints
of queries through prefetching. However, the motion predic-
tor varies significantly depending on how the profile is gener-
ated, e.g., from the user input or a history-based motion pre-
diction algorithm, as discussed in Section 2. In this section, we
evaluate the performance of MobiQuery under different mo-
tion profile settings.
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Figure 12: Date Integrity with Multiple Warmup Phases

In the following experiments, the user moves in a straight
line at a random speed within3 ∼ 5m/s until it reaches a
“change point” where it selects a new direction and sets a ran-
dom speed within3 ∼ 5m/s. The user changes direction ev-
ery 70 seconds. The total time of each simulation is500 sec-
onds.

The proxy receives a motion profileTa seconds before
it reaches a change point, indicating the prospective motion
change. WhenTa is negative, the motion profile is provided
to MobiQuery after a motion change occurs. We varyTa from
−3s to 9s in the simulations, thus which modeling different
ways of generating a motion profile,e.g., from the user in-
put or a motion prediction algorithm. Each motion profile from
the predictor has a validity interval ofTv = 25 seconds. Since
the validity of each motion file is shorter than the actual du-
ration of a segment of movement, as presented in Section 2,
the proxy automatically extends the existing motion profileT ′

a

seconds before it expires.T ′

a is set to be 3 seconds longer than
the sleep period, so that the warmup costs (except the initial
period) are solely caused by the motion changes.

Fig. 12 shows the data integrity of MQ-JIT when the ad-
vance time of the motion profile is 3 seconds. We can see that
the warmup phase is not evident when the sleep period is3s. In
other settings, the warmup intervals are roughly proportional
to the ratio between the sleep period and query period, which
conforms to the analysis in Section 4.3.
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Figure 13: Performance of MobiQuery vs. Advance Times

Fig. 13 shows the average PSQ of MQ-JIT under different
sleep schedules whenTa varies from−6s to 18s. We can see
that when the sleep period decreases, the warmup interval be-
comes shorter and hence more queries succeed. For each sleep
period, the PSQ increases withTa. The additional benefit of a
largerTa diminishes when it reaches a threshold. In this case,
the warmup interval approaches zero, and the PSQ converges
to a level close to100%. The difference between the conver-
gence value and100% is due to the occasional packet loss and
initial warmup interval at the beginning of a simulation. For
example, when the sleep period is9s, MQ-JIT achieves a PSQ
around98% when a motion profile is provided only12s be-
fore a motion change.

It is also important to note the performance of MQ-JIT
when Ta = −6s, i.e., a new motion profile is provided to
MQ-JIT 6s after the motion change occurs. In this case, al-
though its PSQ drops due to longer warmup intervals, MQ-JIT
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still maintains reasonable spatiotemporal services. For exam-
ple, MQ-JIT achieves a PSQ around85% when the sleep pe-
riod is9s.

¿From Section 5.4, we can see that the user may receive de-
graded service when there are unexpected motion changes. In
this section, we evaluate the impact of motion changes on the
performance of MobiQuery .
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Figure 14: Performance of MobiQuery vs. Number of Unex-
pected Motion Changes

In this set of simulations, the motion pattern of the user
is the same as described earlier in this section except that
the number of motion changes varies from2 to 10. Fig. 14
shows the PSQ under different advance times of motion pro-
files when the sleep period is9 seconds. As expected, motion
changes have no impact on the spatiotemporal performance
of MQ-JIT whenTa is large. When the advance time is neg-
ative, the system performance drops slowly as the number of
motion changes increases. However, MQ-JIT still achieves sat-
isfactory performance even when the user changes motion at
very high frequency. For example, MQ-JIT successfully re-
turns about75% of the requested results under desired spa-
tiotemporal constraints even when the user changes his mo-
tion every70s.

In summary, our results demonstrate the robustness of MQ-
JIT when operating with imperfect motion profiles. MQ-JIT
can take advantage of a small advance time in motion profile
input to maintain perfect spatiotemporal services despitemo-
tion changes by the user. It can also tolerate motion prediction
techniques with considerable delays, as well as high frequency
motion changes by the user.

5.5. Power Consumption

In a network with a sleep schedule, MobiQuery wakes up a
sleeping node only when necessary and the sleep schedule of
the node is resumed immediately after it reports its sensor data.
In this section, we evaluate the power consumption of Mobi-
Query under different sleep schedules.
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Figure 15: Power Consumption

In the simulations of this section, a small number of nodes
in the network are activated by CCP and remain active all the
time to maintain sensing coverage. Since these active nodes
never turn off their radios before running out of energy, their
power consumption is much higher than sleeping nodes and is
not effected by the settings of sleep schedules. We focus on the
average power consumption per sleeping node under different
sleep schedules. The motion pattern is the same with that used
in Section 5.4. The user changes its motion6 times in each
simulation. To test the impact of the latency of motion predic-
tion on the power consumption, two advance times of motion
profiles,−3s and9s, are used in the simulations. For compar-
ison, we also measured the power consumption of CCP with-
out any query. In accordance with the measurement of the Ca-
bletron IEEE 802.11 network card performed in [8], the power
consumption of Tx (transmit), Rx (receive), Idle and Sleep-
ing modes of the radio are set to 1400mW, 1000mW, 830mW
and 130mW, respectively.

Fig. 15 shows the power consumption per sleeping node
during a simulation time of400s. The results are averages
of 5 runs with different network topologies. We can see that
the power consumption of both CCP and MQ-JIT decreases as
the sleep period becomes longer. The difference between the
power consumptions of CCP and CCP+ MobiQuery , which is
the net power consumption of sole MobiQuery operations, re-
mains below0.05w under all sleep periods. The power con-
sumption of MobiQuery becomes slightly lower when the ad-
vance time of motion profiles decrease from9s to −3s. When
the advance time is−3s, the proxy receives the user’s new mo-
tion profile3 seconds after a motion change. In such a case, as
analyzed in section 4.3, MobiQuery incures a warmup inter-
val for each motion change of the user and hence less nodes
are woken up to participate in the data collection, resulting in
less energy consumption. The result of this section indicates
that MobiQuery conserves the power consumption of the net-
work by taking advantage of the sleep schedule.
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6. Related Work

The notion of spatiotemporal constraints in sensor networks
was identified in [20]. Mobicast[20] is a spatiotemporal multi-
cast protocol designed for just-in-time data dissemination to a
delivery area that changes over time. In contrast, MobiQuery
is a spatiotemporaldata servicedesigned to query an area that
changes over time. In addition, MobiQuery is designed to be
sensitive to energy conservation issues. In particular it can ef-
fectively handle node sleeping schedules controlled by energy
conservation protocols through just-in-time prefetching.

Early work on data services in sensor networks such as
TinyDB[3] and Directed Diffusion[2] were not optimized for
mobile sinks or query areas. Directed Diffusion uses a data-
centric naming scheme to allow for in-network data aggrega-
tion. A disadvantage of Directed Diffusion is that it requires
an interest to be flooded throughout a large, fixed area. Mobi-
Query avoids this problem by bounding the query area to the
vicinity of a mobile user.

MobiQuery bears some resemblance to TinyDB in the way
in which data aggregation is performed at each pickup point:
in both cases a tree is setup and query results are routed
and aggregated using an overlay tree. However, in contrast
to TinyDB, in MobiQuery the building of the tree and the
propagation of query results are subjugated to spatiotemporal
constraints related to mobile users and changing sources. Un-
like the other aggregation protocols that produce multiplere-
sults from the same sources, MobiQuery needs to deal with
the change of data sources as the query area changes. Conse-
quently, since the tree setup in MobiQuery is not being reused,
the complexity of the tree setup has been kept to a minimum.
Potentially, as long as the overhead is acceptable, MobiQuery
may use TinyDB or Directed Diffusion to collect data for a
query area.

TTDD[5] and SEAD[4] are data services that deal with sink
mobility while the query area is fixed. Unlike these protocols,
MobiQuery is designed to query an area that follows the the
movement of an user. Dealing with both the motion of the sink
and with the change in data sources introduces new challenges
to the design of data services.

In TTDD a virtual grid is built to optimize the delivery of
data from sources to mobile sinks. By building a grid, a two
tier hierarchy is established between nodes that are on the grid,
and nodes that are within the grid. The messages are routed to-
wards the sink by the nodes on the grid. The last part of the de-
livery is a flooding of the region in which the sink is located.
Similarly, in MobiQuery, a two tier hierarchy is established be-
tween active and sleeping nodes. Even though the setup pro-
cess differs from TTDD, MobiQuery uses the two tier hierar-
chy to bound the setup time for a pickup point. As such, dur-
ing the tree setup phase, the active nodes first become a part
of the tree and then later the sleeping nodes join the tree as
leaves. SEAD deals with the issue of sink mobility by building
a tree and placing caches in the network to minimize latency
and energy consumption. The approach used by SEAD is not

directly applicable to spatiotemporal query when the sink is
mobileand the sources change over time.

DCTC[21, 22] is an object tracking technique. It builds a
tree around the source and tracks the source as it moves in the
sensor field. The interesting aspects of DCTC are the two poli-
cies proposed for the tree expansion and pruning schemes. The
two policies spring from considering different motion mod-
els. In the conservative scheme, the speed of the source is
bounded. The source is able to move in any direction at any
speed smaller than its speed bound. In the predictive scheme,
it is assumed that the motion profile of the source is known,
and thus the future position of the source can be predicated.
The two policies decide which nodes are to be woken up in or-
der to join the tree as the source moves. The predictive scheme
bears resemblance to the approach taken by MobiQuery. Other
than the functionalities, a key difference from DCTC is that
MobiQuery is designed to meet stringent spatiotemporal con-
straints. While DCTC only provides a best effort scheme for
waking up nodes, MobiQuery achieves predictable saptiotem-
poral performance by utilizing an analytical bound on the time
when prefetch messages must be forwarded. The impact of
long sleeping schedules is also not analyzed in DCTC. As
shown in our experimental results, the long sleeping sched-
ules have a significant effect on the prefetch forwarding time.
Another aspect not explored by DCTC is the impact of imper-
fect motion prediction. In MobiQuery we introduce the idea of
just-in-time prefetching to mitigate the impact of incorrect mo-
tion predication. Unlike DCTC, MobiQuery does not reconfig-
ure the tree but establishes a new tree at each pickup point. We
find that the techniques proposed in DCTC nicely complement
our approach for optimizing query trees.

A method for bounding the delay of disseminating informa-
tion in an area is presented in [20] . This result can be extended
to provide a bound onTsetup. However it relies on compact-
ness properties that require additional knowledge about net-
work topology. [23] analyzed the worst-case bounds on the
hop counts of several greedy forwarding routing algorithms.
However, these results require sensing coverage and double
range property in a sensor network.

7. Conclusions

We presented MobiQuery, a novel spatiotemporal query
service that allows a mobile user to periodically gather in-
formation from a surrounding area through a sensor network.
The key feature of MobiQuery is its capability to meet strin-
gent spatiotemporal constraints despite a set of unique chal-
lenges in sensor networks including 1) extremely long sleep-
ing schedules due to the need for energy conservation, 2) net-
work congestion due to overlapping query areas, and 3) im-
perfect knowledge about user motion. A just-in-time prefetch-
ing mechanism was designed to minimize energy consump-
tion while reducing the impact of incorrect motion profiles.
We also offer a set of analysis that provides theoretic guar-
antees on the spatiotemporal constraints and bounded warm-
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up phase for MobiQuery. NS-2 simulation results demonstrate
that just-in-time prefetching enables MobiQuery to maintain
desired spatiotemporal performance under a broad range of
network and motion conditions, when non-prefetching and
greedy-prefetching fail to provide acceptable services. Our re-
sults also demonstrate that MobiQuery can tolerate imperfect
motion profiles with considerable delays and errors.
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