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Abstract

We assume a sensor network with data-centric storage, where sen-
sor data is stored within the sensor network and ad hoc queries
are disseminated to and processed in the network. In such an en-
vironment, there are often similarities among queries submitted to
the sensor network, e.g., overlapping in query ranges for range
queries. Using current solutions, similar queries may have to go
through the same expensive query processing steps, i.e., recom-
puted from scratch every time. As a result, energy, the most scarce
resource in sensor networks, iswasted. In this paper, we propose a
similarity-aware query processing scheme (SAQP) that material-
izes previous query results within the sensor network and utilizes
these materialized query results to answer future similar queries.
Through simulation, we demonstrate that our SAQP scheme re-
duces energy consumption on queries with negligible increase in
response time, and without compromising the quality of data.

1 Introduction

Intypical sensor network applications, sensors are deployed
to monitor changes in the environment. For example, in
disaster management, sensors provide data for the detection
of events such as fire, gas leak, earthquake, etc.). When a
disaster happens, first responders are sent out to the disas-
ter area to evaluate the situation. As such, they are maobile
agents who communicate with nearby sensor nodes using
their hand-held devices to get valuable sensor readings for
their assessment and planning. During the response, one
agent may issue a query “list all hot regions that have tem-
perature above 200F and light levels between 20 and 30"
and another agent might issue a similar query “list all hot
regions that have temperature above 250F and light level
between 25 and 35" .

In this scenario, the queries are typically ad hoc queries
that could be issued through any sensor node within the
communication range of the mobile agents. One way to
handle such queries is to send all sensor data and queries
to abase station. However, in most cases the base station, if
oneexists, islocated at aplacethat isfar away from regions
where sensors are deployed. Given that energy is the most
valuable and scarce resource in sensor networks, the base-

station approach is extremely energy-inefficient for two rea-
sons. First of al, typically ad hoc queries only request small
portions of sensor data generated over a short period, thus
transferring sensor data that would never be requested to
a faraway base station is a waste of energy. Secondly, all
queries need to be forwarded to the base station and query
results need to be sent back from the base station, which
would be energy consuming because of the long distance
between the base station and sensor nodes. Therefore, given
that sensor nodes are closer to each other than to the base
station, even if one exists, the most suitable schemesto an-
swer such queries are data centric storage (DCS) schemes
[1, 2, 6, 8, 10] under which sensor data (in the form of
events) are mapped to specific sensor nodes, where data are
stored and retrieved from.

However, not all data are created equal; skewed access
patterns are part of nature. In a disaster management appli-
cation, it is expected that users will request more frequently
certain data items, making them more "hot” (because, for
example, they are from the building that is on fire or be-
cause their values are outside the normal operating range).
Thisuneveninterest from usersresultsin similaritiesamong
the queries submitted by users. Current DCS schemes can-
not exploit similarities that exist among queries (and would
have enabled them to save energy during query process-
ing). Unaware of the similarities, the underlying network
needs to process similar queries repeatedly, which involves
routing the query to all relevant sensor nodes where events
are stored, and returning the query results back from those
nodesto the query issuer.

This observation motivates us to design a similarity-
aware query processing (SAQP) scheme, which can answer
queries in an energy-efficient way by exploiting the simi-
larities among different queries issued to DCS sensor net-
works. The basic idea of our proposal is to replicate results
(events) for previously issued queries as materialized views
in the network and utilize the materialized views to answer
similar queries. Our proposed scheme is a general query
processing scheme that works for any type of queries, e.g.,
range, aggregation and/or group-by. Under SAQP, to pro-
cess a query, aquery need not be forwarded to nodes where
the events are originally stored. Instead, other nodes with



replicated events will be selected if they are more suitable
to answer the query.
In summary, our contribution in this paper is four-fold:

1. We propose materialized views in sensor networks
which dynamically replicate query results and enable
the sharing of query processing among similar queries.

2. We propose a query processing algorithm that uti-
lizes the materialized views when processing similar
queries.

3. We formulate the candidate selection problem, i.e., to
find an optimal subset of candidate sensor nodesto an-
swer a query, as an optimization problem. We then
design a greedy algorithm to solve the problem.

4. We conduct an extensive simulation study to evaluate
the performance of our proposal, comparing it to state-
of-the-art query processing schemes for sensor net-
works. Our simulation results demonstrate that SAQP
reduces energy consumption on querieswith negligible
increase in response time, and without compromising
the quality of data.

We explore related work in the next section.

2 Related Work

Many data dissemination and query processing architec-
tures in sensor networks have been proposed, eg., [2, 4,
6,7, 8,9, 10, 11]. These proposals can be grouped into two
categories based on the type of query supported, i.e., contin-
uous or ad-hoc queries, and on the location where the data
are stored, i.e., within or outside the sensor network.

The first category assumes that there is a base station
in the sensor network and sensor data are sent back to the
base station for further processing. Under this category,
the storage capability of sensor nodes have been completely
ignored. Since communication is more energy-consuming
compared to local computation, blindly sending all data
back to the base station is not a good approach in gen-
eral. In-network aggregation [3, 4, 7, 9, 11] could reduce
energy consumption by aggregating data en route. How-
ever, it works typically for continuous aggregation queries
such as SUM, MIN and MAX while it is not quite suitable
for ad hoc queries. Besides, a setup phase is required such
that queries are flooded from the base station to the network
and then a routing tree rooted at the base station is built. If
the duration of the query isnot long enough, the setup phase
will dominate the cost.

The other category is data centric storage (DCS) [1, 2,
6, 8, 10]. Instead of sending data back to and storing them
at a base station, sensor data are stored at some consolida-
tor sensor nodes, in the form of high-level events. Ad-hoc

queries are then submitted to the network and are responded
to by sensor nodes where events satisfying the query are
stored. Among these approaches, GHT [8] uses a hash
function to hash each type of events to a geographic loca-
tion. For each event type, the sensor node that is closest
to the corresponding hashed location becomes the consol-
idator sensor node of that event type. GHT employs a ge-
ographical routing protocol, GPSR [5], to route events and
queries to the consolidator sensor node. DIFS [2] uses a
geographically bounded hash function to determine the lo-
cations where events are stored and builds a distributed hi-
erarchical index based on quad trees to direct range queries.
DIM [6] uses k-d trees to determine the consolidator sensor
node. ZS[1] addresses storage |oad balance issuesin DIM.

These DCS schemes are oblivious to the similarities
among queries; processing each individual query will go
through all the necessary steps repeatedly, which might be
costly and redundant. Our SAQP scheme differs from cur-
rent DCS schemes by considering the similarities among
queries. SAQP generates materialized views, i.e., replicated
query results, for each query it has processed and utilizes
these materialized views to process new queries that have
similarities with previous queries. To the best of our knowl-
edge, no previous work has been done to address the prob-
lem of using materialized results in sensor networks

3 Similarity Aware Query Processing

Traditionally, a database server may generate materialized
views, which are materialized versions of previous query
results. Such views are used to answer future queries that
are similar to past queries. The purpose of materialization
is to reduce query processing cost in terms of CPU time.
Our goal of caching query results is also to reduce query
processing cost, however, in terms of energy consumption.
Because of this similarity, we call the cached query results
materialized views (or M-views, for short).

In this section, we present the SAQP scheme in detail.
For simplicity, we use range queries to demonstrate our
idea. We first describe the system model. After explain-
ing the general query processing scheme under SAQP, we
show how queriesare split in the situation when two queries
overlap only partially. After formally defining the candidate
selection problem, we propose a greedy algorithm to solve
the problem. At the end of this section we discuss quality
of data (QoD).

3.1 System Model

In DCS schemes, sensor datais stored in the form of high-
level events, which are abstractions of raw sensor readings.
Each event type consists of aset of attributes, corresponding
to phenomena (e.g., temperature and humidity) detected by



sensors, timing parameters (e.g., duration of events, etc.) or
spatial dimensions(e.g., location of events, etc.) [2]. Events
are more semantically attractive than raw sensor readings,
since they reveal that interesting situations are developing.
To give an example, both object detection and hot region
could be defined as events.

We follow the same data abstraction used in DCS
schemes. In our system, eventsare stored locally at the node
where they are detected (we call this node original storage
node, or O-node, for short) and indexes to these events are
stored at an index node (or I-node, for short). As opposed to
GHT, we are using a hash function to determine the index
node rather than the consolidator node that stores all events.
Theindex of an event is based on the attributes of the event
that would be used in range queries, thus it is expected to
be small compared to the size of the event. The I-node also
keeps a directory of M-views. Each M-view directory entry
is associated with aquery in the past, which includes the Q-
node ID from which the query is submitted and the range of
that query. Hereafter, we refer to the nodes associated with
M-views as M-view nodes, or M-nodes, for short.

We now describethe structure of the event, index, and M-
view directory entries using the hot region event example.

An event (Table 1) consists of three parts. scalar at-
tributes, timestamp, and other event details. For the hot re-
gion event, we assume that temperature is the only scalar
attribute. Event details may include information such as
heat gradient, the size of the hot region, coordinates of the
boundary points of the hot region, etc. The timestamp in-
dicates when the event was detected. New events do not
replace all events and old events are dropped based on an
aging scheme or when they are no longer needed.

An index entry (Table 2) includes an O-nodeld, scalar
attributes and a timestamp, where O-nodeld indicates the
O-node at which the event is stored, scaar attributes are
interesting attributes of the event that will beused in queries,
and the timestamp indicates when the event was generated.

An M-view directory entry (Table 3) also contains three
parts. an M-nodeld, arange and a timestamp, where the M-
nodel d specifies the M-node at which the M-view is stored,
the range indicates ranges (based on the scalar attributes) of
the events in the M-view and the timestamp indicates when
the entry was created.

| O-nodeld | temperature | timestamp | other event details |
Table 1. The structure of ahot region event

| O-nodeld | temperature | timestamp |
Table 2: The structure of an index

| M-nodeld | range (e.g., 100-200) | timestamp ]
Table 3: The structure of an M-view directory entry

By associating a timestamp to M-View entries, it is not
necessary to invalidate an M-View entry if a new event
would fall into the range covered by that M-View entry;
without the timestamp, this is needed since the new event
is not materialized. An M-view created at time t for range
[a b] only contains complete set of events within rangeg[a,
b] up to time t. This time dimension is natively treated as
another range query predicate which allows for maximum
utilization of the M-Views scheme.

Although in this paper we focus on a single index node
for simplicity, in order to make the system fault-tolerant, the
I-node could be replaced by a set of nodes (a cluster). For
example, such a cluster can be formed using the Perimeter
Refresh Protocol (PRP) (proposed in GHT [8]). Only one
node (cluster head) in the cluster is responsible to process
queries. However, using the same protocol, a refresh packet
is circulated among the cluster, which ensures a consistent
view among al nodesin the cluster and in the case that the
cluster head fails, another node could be elected to be the
new cluster head. Further, using a set of 1-nodes instead
of one node would also be helpful to reduce the storage re-
quirement imposed on a single node. Under such a setup,
each I-node would be responsible only for data in a subset
of the whole data range thus the load would be balanced by
these I-nodes.

3.2 Query Processing Scheme

In SAQP, the general procedure of query processing is as
follows. When an I-node receives a range query from the
Q-node, it examines each entry in its M-view directory to
see whether its range overlaps with the range of the new
query. If such an entry is found, the M-node associated with
the entry is considered as a candidate to answer the query.
If there are many such entries found, the M-nodes corre-
sponding to these entries are al considered as candidates.
In addition, the I-node examines the indexes to O-nodes.
Those O-nodes storing at least one event that satisfies the
query are considered as candidates as well. The I-nodethen
forms a responder set by selecting a set of nodes from the
candidate set based on some criteria(see Sec 3.4, 3.5). Once
the responder set is determined, the I-node generates an M-
view directory entry for this query and forwards the query
to al responders. The respondersin turn send the qualified
eventsdirectly to the Q-node. The Q-nodethen materializes
the query results as an M-view.

3.3 Split aQuery

Ideally, when the I-node receives a query, we expect to find
an M-view entry such that itsrangeisasuperset of the query
range and thus the corresponding M-node al one can answer
the query completely. However, in most cases the range of



Figure 1: Splitting a 2-dimensional range r with ranger5

an M-view entry might only partially overlap with the query
range or only be a subset of the query range. In these situ-
ations, the system needs to find more than one M-nodes to
answer the query. If two M-nodes are selected as respon-
ders, it is possible that the M-view range associated with
the two M-nodes overlaps with each other, thus the I-node
should send a modified query to the two M-nodes to avoid
duplicates (in other words, split the original query). For ex-
ample, suppose we have a query on range [10, 20] and two
M-view entries with ranges [5, 14] and [12, 21]. If the two
M-nodes are selected as responders, because range [5, 14]
overlaps with range [12, 21], both of them will send events
within range [12, 14] to the Q-node, which results in dupli-
cates and wastes energy, if it is not dealt with.

For simplicity, let's consider an one dimensional range
query first. Given the query range [a, b] and the range of an
M-view entry [X, y], there are three cases:

e [a,b] contains [z, y],
e [z,y] contains|a, b], or
e [a,b] intersectswith [z, y].

Inthefirst case, therange|a, b] could be split as [a, «], [z, y]
and [b, y]. The query is split into two queries; Q1 on range
[, y] and Q2 on range [a,z] V [b,y]. In the second case,
there is no need to split the query. Finally, in the last case,
gtherx < a <y <bora <z <b<y Q2will be
simplified to oneterm. After the query split, Q1 will be sent
to the M-node associated with the M-view entry and Q2 is
used to evaluate other candidates further.

In the case of multi-dimensional range queries, the split-
ting strategy is the same. The query rangeis split into dis-
junctionsof conjunctionsof ranges. However, as the dimen-
sionality increases, the number of disjunctiontermsmay in-
crease dramatically. For example, Figure 1 shows the re-
sult of splitting a two dimensional query range using the
above method where region r represents the query range
and region r5 represents the range of the M-view entry. Af-
ter splitting, Q1 contains r5 and Q2 consists of eight small
ranges. Even if we combine the regions on the side (r2, r4,
r6 and r8) with theregions at the corner (r1, r3, r7, r9), there
are still at least four subregions generated after one split.
This clearly does not scale to the number of splits.

One observation is that after a query split, the informa-
tion that needs to be forwarded to other responders is the

query range not covered by the range used for split. Thus,
we can represent asplit region by two ranges, the range used
for the split and the query range. For instance, to represent
the above split region, we only need to specify two rangesr
andr5,i.e, it could berepresented with r-r5. Asaresult, the
size of the query forwarding message would only increase
linearly with the number of splits.

3.4 Candidate Selection

The candidatesto answer aquery consist of M-nodeswhose
M-view range overlaps with the query range and O-nodes
with indexes that fall within the query range. The candi-
date selection problem is to select among these candidates,
a set of sensor nodes that can answer the query compl etely,
with minimum energy cost. These selected sensor nodes
form the responder set, which satisfies the following two
requirements. First, the query can be answered completely
by nodes in the responder set. Second, it should consume
less energy for processing the query, i.e., forwarding and
answering the query, compared with the basic approach of
forwarding query to and getting results from only O-nodes
in the candidate set.

Let the set of candidates be {N1, N2, ..., Nn}. Each
candidate is associated with a cost, which is the sum of
the energy cost of forwarding the query to the node and
the energy cost of returning the results back to the Q-node.
The associated cost could be represented as {C1, C2, ...,
Cn}. Each candidate is also associated with a disjunction
of ranges, represented as r. For example, for candidate
N1, r1 = ri1yri2{...lJrln, whererll, ... rin cor-
respond to the ranges of M-views or original events stored
at N1. Notethat for the range of an origina event, the lower
bound equals to the upper bound. The associated disjunc-
tion of rangesisthusrepresented as {r1,72,...,rn}.

The candidate selection problem becomes an optimiza-
tion problem in which we want to minimize

Total_cost =21+« Cl+22+C2+ ...+ anxCn (1)

where the coefficients, i.e., X1, X2, ..., Xn, represent the per-
centage of therangein aM-View that will be used to answer
aquery and are subject to following condition:

xl*rlUmZ*rQU...an*rnzr (2

3.5 Candidate Selection Algorithm

We propose a greedy algorithm to solve the candidate se-
lection problem (Algorithm 1). The algorithm works as fol-
lows. First we find al events that satisfy the query based
on the indexes of events (initialization of set Eventsin Al-
gorithm 1). An O-node will be considered as a candidate



Algorithm 1 Greedy Candidate Selection Algorithm

Inputs:
Responder = {}
Events = {x | x isan event that satisfies the query. }
CandidateOnodes = {x | 3y € EventsA x isthe O-node that storesy}
CandidateMnodes = {x | x isan M-node and there are at least one M-views
stored at x overlaps with the range of the query. }
Local Variables: cost, costWithoutMview, costWithMview, nid, Candida-
teOnodes’, Events
Procedure:
1: cost=0
2. while Candidate Mnodes # () do
3 costWithoutMview = cost of forwarding query to al nodes in Can-
didateOnodes and returning events in set Events from those nodes
to Q-node
4:  nid = the closest node (to Q-node) in CandidateM nodes
5:  CandidateMnodes = CandidateMnodes - {nid}
6: Events = {x |z € Events A x ismaterialized at node nid }
7
8

Events = Events - Events'
CandidateOnodes’ = {x | 3y € FEwvents' A x is the O-node that
storesy}
9:  CandidateOnodes = CandidateOnodes - CandidateOnodes’

10:  Split the query to queryl and query2 according to nid’'s M-view

11:  costWithMview = cost of forwarding queryl to node nid + cost of
forwarding query2 to all nodesin CandidateOnodes + cost of return-
ing eventsin set Events' from node nid to Q-node + cost of returning
events in set Events from nodes in CandidateOnodes to Q-node

12:  if costWithMuview < costW ithout Mview then

13: Responder = Responder U {nid}

14: cost = cost + cost of forwarding queryl to node nid + cost of
returning events in set Events' from node nid to Q-node

15: replace query with query?2 for further evaluation

16: else

17: Event = Event U Event’

18: CandidateOnodes = CandidateOnodes U CandidateOnodes’

19: continue use the query for further evaluation

20:  endif

21: end while

22: Responder = Responder U CandidateOnodes
23: cost = cost + cost of forwarding query to all nodes in CandidateOnodes
and returning events in set Events from those nodes to Q-node

if at least one event in set Events is reported by this O-
node. All such O-nodesform the first candidate set (initial-
ization of set CandidateOnodes). Also we find all M-views
that overlap with the query range and order the correspond-
ing M-nodes based on their distance to the Q-node, which
forms the second candidate set (initialization of set Candi-
dateMnodes). M-nodes closer to the Q-node have higher
priority. We then remove the M-node with the highest pri-
ority from set CandidateM nodes (Lines 4-5). By doing this,
we intend to select this M-node to be a responder. Some
of the O-nodes can then be removed from set CandidateOn-
odes since the M-views stored at the selected M-node might
contain events stored on them (Lines 6-8). We then com-
pare the cost of using this M-node as a responder to the cost
of not using it. If using this M-node as a responder reduces
the cost, the M-node will be selected as aresponder (Lines
12-14), otherwise we take back the changesto set Candida-
teOnodes (Lines 16-17). The procedure continues until the

CandidateM nodes set is empty. At the end, if set Candida-
teOnodes is not empty, all O-nodesin it are added into the
responder set (Line 21).

The agorithm might not always be able to provide an
optimal solution, however, the decision made at each step is
suboptimal which leads to a reasonable selection of candi-
dates. Our experimental results verified that the algorithm
indeed saves energy (Sec 4).

3.6 Quality of Data (QoD)

The proposed SAQP schemeisto design to save energy (and
performs as expected). What is interesting to point out is
that it achieves this without compromising the Quality of
Data (QoD) returned to users (compared to GHT). In fact,
in some instances, SAQP offers better QoD than GHT. To
illustrate this, consider a scenario that one node detected
two consecutive events and one query isissued after the two
events are detected. Ideally both events should be returned
to the query issuer (assuming both events satisfy the query).
One situation is that the first store-index (or store-event, un-
der GHT) message, the query and the second store-index
(or store-event, under GHT) message reach the I-node (or
consolidator node, under GHT) in the proper order. Under
GHT, the query issuer will get only the first event since the
second event is not stored yet. However, under SAQP the
query issuer would be able to get both eventsif this O-node
is selected as aresponder (becauseno M-view isavailableto
cover the first event detected by this O-node). Thus, SAQP
could achieve a better QoD. In all other cases, SAQP pro-
vides the same QoD as GHT.

4 Experiments

4.1 Simulation Setup

We compare our scheme with the original GHT approach
and an Index-based GHT approach (IGHT). Under the GHT
approach the events are sent to the consolidator node and
upon query request the events are returned to the query is-
suer from the consolidator node directly. Under the IGHT
approach, events are stored locally and indexesto the events
are sent to the consolidator node. Whenever aquery is sent
to the consolidator node, a set of nodes that contain events
which satisfy the query isfirst determined based on the in-
dexes. The query is then forwarded to those nodes to be
answered. The reason to compare our scheme with IGHT
is to show that simply introducing an index node does not
work well. In fact, in most cases, the IGHT scheme seems
to consume more energy. For this reason, we focus on the
comparison between SAQP and GHT when we discuss the
experimental results.



Symbol | Defination Setting
N Num of Sensor Nodes 400

X*Y Size of the Sensing Region 400m * 400m
Etrans | Transmitter Electronics 50n;j /bit
FErec Receiver Electronics 50nj /bit
Eamp | Transmit Amplifier 0.1nj /bit/m?*
E number of events 100

Q number of queries 100

ESize event size 8bytes

RSize range size 4bytes

ISize index size 4bytes

D domain of the scalar attribute | 0-100

Zs skewness of zipf distribution | 0.5

C Confining factor 0.5

At timeinterval 50

Table 4: Default simulation parameters

We use two performance metrics to compare the three
schemes. Oneisthetotal energy consumption and the other
one is the average query response time. The total energy
consumption includes the energy consumed in storing the
events and also the energy consumed in processing queries.
In the paper, the response timeis defined as the time elapsed
from issuing a query to the network until receiving the first
event in the query results. We estimate the response time as
the number of routing hops.

We use awell-known energy model [3], wherethe energy
cost of sending and receiving a message with size k bits
between two sensor nodes with distance d is given by:

EtTansmit = Et?"ans * k + Eamp * d2 (3)

Erecei'ue = Erec * k (4)

where Ey,.qns and E,.. isthe energy consumed in enabling
the transmitter and receiver electronics respectively, while
E.mp i1sthe the energy consumed in the amplifier.

We designed our workload as follows. At each timetick,
there is either one event or one query generated from aran-
domly selected sensor node. Each event is associated with
the node from which it is generated and the timestamp at
which it is generated, and aso includes a scalar attribute.
Theevent sizeisavaried parameter. The value of the scalar
attribute follows a uniform distribution within its data do-
main.

In order to control the spatial locality of queries, we gen-
erate queries from a confined region centered at the center
of the sensing region. The confined region is controlled by
aconfining factor C', denoting that all queries are generated
from a region centered at the center of the sensing region
withsize (C'« X) x (C'«Y) where X x Y definesthe size
of the whole sensing region. A smaller C means a higher
query spatial locality.

The range of a range query has the following form:
(Viow * Uhigh,t-At : t). It represents a two dimensional

range query with the first dimension to be the scalar at-
tribute and the second dimension to be the time. Clearly,
SAQP not only has the ability to support multi-dimensional
range queries, but also treats timestamps natively as one of
the query dimensions. The (sub)rangeon thefirst dimension
of the generated queries has fixed length and the center of
the range follows a zipf distribution with various skewness
parameter Z,. A smaller Z, means that the distribution is
less skewed, i.e., when Z, = 0, the query center becomes
uniformly distributed. The (sub)range on the second dimen-
sion represents the user interest in all events generated in a
time frame [¢t-At : t]. Inthe simulation we have set ¢ to be
the time when the query is initiated. However, t can be set
to any time in the past if it is explicitly specified in a user
query. At could be set to any interval to reflect different
user interest as well. In the simulation we have conducted
experiments using different At valuesto observethis effect.
Table 4 shows the meaning and default values of the sys-
tem variables we have used in the simulation. Note that
Isi. isat least 4 bytes if we assume 1 byte for nodeid, 1
byte for scalar attribute and 2 bytes for timestamp. Fg;..
is at least 5 bytes since it contains the event details and
is greater than Ig;.., The Rg;.. is set to be 4 bytes since
queries in the simulation have 2 dimensions and each di-
mension has a low and high value. During query splitting,
the size of a query message is determined by multiplying
Rgiz. With the number of rangesincluded in the query.

4.2 Experimental Results

We have run a set of experimentsto evaluate the proposed
SAQP scheme. In each experiment, we vary one parameter
and run the experiment 100 times using different random
seeds. Theresults are plotted using the average of 100 runs.

As a norm of the results of these experiments, the to-
tal energy consumption under SAQP is always less than the
oneusing IGHT. Thereason for thisis straightforward. The
energy consumption under IGHT is the lower bound on the
energy consumption under SAQP since if no M-nodes are
selected as responders, SAQP is exactly the same as IGHT.
Under SAQP, an M-node will be selected as a responder
only if doing so saves energy compared to IGHT.

The SAQP scheme al so consumes less energy compared
to GHT. There are two major reasons. First, the cost of
storing events under GHT is higher than the cost of storing
indexes under SAQP. Second, in GHT, when the distance
from the consolidator node to the Q-node is large, send-
ing results from the consolidator node back to the Q-node
is energy-consuming. However under SAQP, query results
may be returned from a nearby M-node of the Q-node, thus
reducing the energy consumption dramatically. SAQP has
slightly higher response time than GHT, since GHT returns
results from the consolidator node to query node directly,



Energy Consumption (micro j)

Response time (hops)

90

SAQP -3
80 IGHT —f— 4
GHT 36
70 t 1
60 | - L i
S0 ¢ ///*/ ¥
40 ¢ AT K
A K
0k *

20 . . . . . .
4 6 8 10 12 14 16 18 20
Event Size

(a) Energy cost

30

" SAQP -
.l IGHT —+— |

GHT )¢

20

;QA
x|
o
x|

|
N

15

10

4 6 8 10 12 14 16 18 20
Event Size

(b) Response time

Figure 2: Effect of event size
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Figure 3: Effect of query skewness
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Figure 4: Effect of At

whereas SAQP needs to forward the query to responders.
However, as we can see from the experiments, the differ-
ence isonly 2 or 3 hops where the response time for GHT
isat least 15 hops. Thisis becauseit is often the case that a
nearby M-node of a Q-nodeis selected to answer part of the
query. For the same reason, SAQP has better response time
than IGHT in all experiments.

Event Size Figure 2 shows the total energy consumption
and the response time when the size of events varies from
5 to 20 bytes. The total energy consumption increases lin-
early in al three cases. However, SAQP has amuch smaller
slope, which is expected because serving query results from
a nearby M-node will reduce the cost dramatically. Note
that theindex sizeis4 bytes, and if theevent sizeistoo close
to it (e.g., 5 bytes), the SAQP scheme consumes dlightly
more energy than GHT does. However, this is acceptable,
since normally an index would be useful only if its size is
sufficiently smaller than the original data size.

Query Skewness Figure 3 showsthe total energy consump-
tion and the response time when Z, changes from 0 to 1.
GHT and IGHT are not affected by this parameter. How-
ever, under the SAQP scheme, if queriesare skewed (which
represents a situation that user queries have a lot of simi-
larity), more queries can utilize the previous query results
from M-views. Therefore, energy consumption for SAQP
decreases when 7, increases.

Timelnterval Figure4 showsthetotal energy consumption
and response time when the time interval At varies. When

At is small, energy consumption under SAQP is close to
that under IGHT because there will be fewer queries gener-
ated in a short time interval and thus fewer M-nodes avail-
able to respond. However, when At becomes larger, more
queries will be generated, and thus more M-nodes could
be selected to responder to a future query, resulting in the
decrease of consumed energy. Under al cases SAQP con-
sumes less energy than GHT.

Query Locality Figure 5 shows the results when varying
the confining factor C. C=1 is the case without any query
locality. A small confining factor resultsin higher query lo-
cality, which is taken advantage by SAQP to reduce energy
consumption. The energy consumed (SAQP vs. IGHT) is
25.7mJ vs. 34.2 mJ when C equalsto 0.1 (25% improve-
ment) and 38.2 m.J vs. 41.0 m.J when C equalsto 1 (6.8%
improvement), which means SAQP will save even more en-
ergy when C issmall. The reason for thisis that thereis a
higher chance to find nearby M-nodes to respond if queries
are more “crowded” within a confined region.

Number of QueriesIn Figure 6 the number of query varies
from 100 to 1000. The increase of energy consumption un-
der SAQP is much slower than the other two schemes. This
is expected as more queriesresult in more M-Views created
and higher chances to use an M-node to answer a query.
Number of Events|n the last experiment we vary the num-
ber of events from 100 to 1000 (Figure 7). The energy con-
sumption of GHT increases dramatically when the number
of eventsincreases. Thisisbecause all events are sent to the
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Figure 5: Effect of query locality

consolidator node to be stored. Our SAQP scheme consis-
tently consumes less energy compared to IGHT.

5 Conclusions

Skewed access patterns are everywhere; as such we expect
to frequently have similarities among queries submitted to
sensor networks. In this paper, we proposed a similarity-
aware query processing scheme that creates materialized
viewsin sensor networks and utilizesthe materialized views
to answer future queries that are similar to past ones. We
illustrate that using other schemes which ignore query sim-
ilarities wastes energy by repeating unnecessary processing
and communication. By using our query split strategy and
candidate selection algorithm, our proposed query process-
ing scheme reduces energy consumption, with a slight in-
crease in response time, without compromising QoD.
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